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Abstract
During the last decades, mitochondria and their DNA have become a hot topic of re-
search due to their essential roles which are necessary for cells survival and pathology.
In this study, multiple methods have been developed to help with the understanding
of mitochondrial DNA and its evolution. These methods tackle two essential prob-
lems in this area: the accurate annotation of protein-coding genes and mitochondrial
genome rearrangements.
Mitochondrial genome sequences are published nowadays with increasing pace,
which creates the need for accurate and fast annotation tools that do not require
manual intervention. In this work, an automated pipeline for fast de-novo annotation
of mitochondrial protein-coding genes is implemented. The pipeline includes methods
for enhancing multiple sequence alignment, detecting frameshifts and building pro-
tein proﬁles guided by phylogeny. The methods are tested on animal mitogenomes
available in RefSeq, the comparison with reference annotations highlights the high
quality of the produced annotations. Furthermore, the frameshift method predicted
a large number of frameshifts, many of which were unknown.
Additionally, an eﬃcient partially-local alignment method to investigate genomic
rearrangements in mitochondrial genomes is presented in this study. The method
is novel and introduces a partially-local dynamic programming algorithm on three
sequences around the breakpoint region. Unlike the existing methods which study
the rearrangement at the genes order level, this method allows to investigate the
rearrangement on the molecular level with nucleotides precision. The algorithm is
tested on both artiﬁcial data and real mitochondrial genomic sequences. Surprisingly,
a large fraction of rearrangements involve the duplication of local sequences. Since
the implemented approach only requires relatively short parts of genomic sequence
around a breakpoint, it should be applicable to non-mitochondrial studies as well.
Keywords: mitochondria, genome, annotation, protein, genes, rear-
rangement, breakpoint, dynamic-programming, sequence alignment.
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Chapter 1
Introduction
Cells are the fundamental working units of living organisms. These organisms fall
into two broad categories according to their cells components: Prokaryotes, single-
celled organisms (bacteria and archaea) which do not include nucleus nor organelles;
and eukaryotes, high level organisms with multiple cells (animals,plants and fungi)
which possess a nucleus and organelles. Mitochondria, one of the major components
of eukaryotic cells, are organelles with their own genetic material known as the pow-
erhouse of the cell due to their key role in the production of cells energy. Furthermore
mitochondria are engaged in substantial cellular processes such as cell aging and cell
programmed death (apoptosis).
During the last decades mitochondrial DNA (mtDNA) has become a hot topic for
research, especially after the discovery of the high impact of mitochondrial dysfunc-
tion on human health. Indeed many diseases have been linked to mtDNA damage or
mutations such as cancer, diabetes, heart failure and neurodegenerative diseases[1].
Hence, the mitochondrial research has also become a substantial discipline in phar-
maceutical experiments. Accordingly, a new strategy for cancer treatment has been
developed kill tumor cells that are resistant to normal cell death process. In addition
to other drugs which are manufactured to target the metabolic pathways inside mi-
tochondria such as anti-inﬂammatory, anti-oxidant, anti-ischemic and anti-obesity[1].
Besides the mentioned applications in biomedicine and pharmacology, the mtD-
NA has become a powerful tool for drawing the evolutionary relationships among
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organisms due to their availability and their fast rate of evolution compared to nu-
clear DNA. Likewise, the rapid mutation of mtDNA has contributed to the creation
of distinctions between ethnic groups. Therefore mitochondrial features have been
employed in forensic genetics and the study of human origins and the history of their
early migrations[2, 3].
The enormous growing wealth of mitochondrial genomic data, thanks to the re-
duced cost of new sequencing technologies, represents an increasing challenge to inter-
pret, analyze and derive relevant conclusions from these data. Thus, the development
of computational methods and algorithms to enable the biologists to analyze and ex-
tract useful information from these data has become increasingly substantial. The
accurate annotation of mtDNA is the basis of any downstream analysis since the an-
notated sequences are utilized for comparative analysis and for the annotation of new
sequences. In addition, the accurate annotation is needed in the ﬁelds of mitochon-
drial research such as phylogeny reconstruction, medicine and forensic studies. There
are several tools that deal with the annotation of mtDNA, all of them use BLAST[4] to
ﬁnd the protein-coding (PC) genes e.g. DOGMA [5],MITOS [6], Mitoannotator [7].
This strategy often do not consider the peculiarities of mitochondrial protein-coding
genes (see 3.4.1).
Along with the annotation of mtDNA, studying the events that occurred with-
in the mitogenomes throughout the history help uncover phylogenetic relationships
during species evolution. In particular genome rearrangements which have been fre-
quently observed in animals mitochondria. Mitogenome rearrangements are usually
analyzed at the level of signed permutations that represent the order and orientation
of the genes. As a consequence, it is impossible to precisely reconstruct a tandem du-
plication random loss (TDRL) rearrangement event from gene order information only
since TDRL implies the duplication of the original genes then a random loss of parts
of one of the copies. Thus it is necessary to analyze the underlying sequence data to
detect duplication remnants. This raises the question whether another rearrangement
types such as inversion or transposition leave characteristic sequences behind, which
allows the distinction between rearrangement types independently of the gene order
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data. This would provide more detailed and reliable data on the relative frequency of
diﬀerent rearrangement mechanisms. The determination of the breakpoints locations
in relation to annotated genes can be done by the comparison of gene orders. Tools
such as CREx[8] predict the putative type of rearrangement operations by assuming
the most parsimonious rearrangement scenario. However, only a few approaches use
sequence data for genome rearrangement analysis. Parsimonious rearrangement sce-
narios w.r.t. cut-and-join operations and indels that minimize the diﬀerence in the
size distribution of the breakpoint regions from expected values are computed in [9].
For next generation sequencing data diﬀerences in the alignments of the reads to a
reference genome can be used to uncover rearrangements [10]. Alignments of synteny
blocks can be extended into the breakpoint region in order to delineate its position
as precisely as possible. This approach uses the sequence data, however, it does not
handle duplication and its possible remnants.
TRNA remolding is another particular mode of evolution that aﬀects the tRNAs
in mitochondria. A remolded tRNA is a tRNA that underwent a point mutation in
its anticodon. The result is a functional tRNA with new identity (anticodon) that is
closely related to the original one. This event is thought to be caused by a duplication
of the original tRNA followed by a point mutation in the anticodon and later a loss of
the original copy. The study of tRNA remolding in mitochondria is substantial due
to i) its detection in a wide variety of animal taxa [11, 12, 13] and ii) the impact of
remolding on tRNA annotation since all the available tools assign the tRNA identity
based on the anticodon[14, 15]. Subsequently reliability issues in downstream analysis
are induced such as in phylogenetic reconstructions and in the understanding of the
evolution of genetic codes. Nevertheless, comprehensive inspection of tRNA remold-
ing across animal species is still missing. A study of tRNA remolding in Metazoa is
carried out based on new methods of remolding detection. The ﬁrst method extends
the similarity based search and consider sequence and structural data of tRNAs in
addition to statistical tests. The second method consists of phylogeny based analysis
that uses maximum likelihood to detect candidates and ancestral de novo remolding
events throughout the tree. The methods and results of this study are detailed in [16]
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and in the following paper:
Sahyoun AH, Hölzer M, Jühling F, Höner zu Siederdissen C, Al-Arab M, Tout
K, Marz M, Middendorf M, Stadler PF, Bernt M. Towards a comprehensive picture
of alloacceptor tRNA remolding in metazoan mitochondrial genomes. Nucleic acids
research. 2015 Jul 30;43(16):8044-56.
In this thesis, details about the contribution to two aspects related to mitochon-
drial DNA and its evolution are represented:
1. Accurate annotation of protein-coding (PC) genes in mitochondria, which con-
sists of set of methods that have been developed taking into consideration the
peculiarity of PC genes in mitochondria. The pipeline uses automatically gen-
erated phylogeny-aware proﬁle hidden Markov models that are enhanced based
on speciﬁc criteria. These methods are published in :
Al Arab M, zu Siederdissen CH, Tout K, Sahyoun AH, Stadler PF, Bernt M. Ac-
curate annotation of protein-coding genes in mitochondrial genomes. Molecular
phylogenetics and evolution. 2017 Jan 31;106:209-16.
Alexander Donath,Frank Jühling,Marwa Al Arab,Peter F. Stadler Martin Mid-
dendorf, Matthias Bernt. Precise Annotation of Protein Coding Genes Bound-
aries in Metazoan Mitochondrial Genomes. Molecular biology and evolution.
(To be submitted).
2. A new partially local three-way alignment algorithm based on dynamic program-
ming to align the breakpoint region in rearrangement in order to ﬁnd special
signature to diﬀerent rearrangement mechanisms. This work is published in:
Al Arab M, Bernt M, zu Siederdissen CH, Tout K, Stadler PF. Partially lo-
cal three-way alignments and the sequence signatures of mitochondrial genome
rearrangements. Algorithms for Molecular Biology. 2017 Aug 23;12(1):22.
Chapters Content The next two chapters in the thesis represent biological and
technical background related to the subjects detailed in the following chapters along
with reviews of already done work in these subjects. Chapter four depicts the set
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of methods developed to accurately annotate PC genes in mtDNA and shows the
obtained results along with the analysis and assessment of these results. Further-
more a method for frameshifts detection based on HMM is explained and applied
on metazoan data. In Chapter ﬁve, we present a new algorithm for partially local
alignment of breakpoint regions in genome rearrangement. Moreover we show the
ability of the alignments to detect special signature for rearrangement made by dif-
ferent mechanisms. Finally concluding remarks and future works are represented in
chapter six.
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Chapter 2
Biological Background
Mitochondria are double-membrane organelles, with their own genetic material[17],
unique to the cells of animal, fungi and plants. In this chapter we present a biological
background about the functions, origin, and DNA of mitochondria. Furthermore we
give an overview about the particular mechanisms that characterize the evolution of
mitochondrial genome (section 2.3 and 2.4).
2.1 Mitochondria Functions and Origin
The main function of mitochondria is the production of energy used by the cell and
the entire organism through the generation of ATP supply. The production of ATP
is accomplished during the cell respiration process. Mitochondria contribute to addi-
tional fundemental functions such as the regulation of metabolism, cell-cycle control,
cell development, antiviral responses and cell death [18, 19].
The origin of mitochondia is thought to be emerged more than 1.45 billion years
ago, which is the age of the oldest eukaryotic micro-fossils [20]. The similarities with
some prokaryotes supported the endosymbiotic origin of mitochondria. Thus, an an-
cient nucleated cell engulfed a prokaryotic cell. The host cell assured protection to
the engulfed cell, while the latter assured the energy production. Genome sequenc-
ing and analyses of mitochondrial DNA have established that the origin of engulfed
14
prokaryote is a primitive bacteria (𝛼-proteobacteria) [21]. However the origin of the
host eukariotic cell is still debated.
2.2 Mitochondrial DNA
Mitochondria contain its own DNA (mtDNA) with highly conserved structure and
genes organization [22].
MtDNA in Metazoa The mtDNA in most metazoan organisms is relatively smal-
l(about 16500 bp), circular and double stranded (heavy strand and low strand). The
mtDNA in Metazoa comprises typically 13 protein coding genes, 22 transfer RNA
(tRNA) and 2 ribosomal RNA (rRNA). The mitochondrial genes lack introns, with
mostly small or absent intergenic regions [22]. However, in vertebrate cells a non
coding region (D-loop) has been shown containing the origin of replication as well as
the basic promoters of translation therefore it has been named the control region [23]
see Fig. 2-1.
MtDNA in Fungi Fungal mitochondrial genome is either circular or linear molecule
that ranges from 16 to 110 kbp in size. Usually fungal mtDNA encodes for 14-19 pro-
teins, two rRNAs and 8-24 tRNAs. The variability shown in fungal mtDNA is likely
associated with the existence of large intergenic regions including highly variable in-
trons and sequence repeats.
2.2.1 Protein-Coding Genes
The protein-coding genes provide instructions for making enzymes. These enzymes
catalyze the cell respiration process i.e the oxidation of nutrients to adenosine triphos-
phate (ATP). The canonical protein-coding genes in animals mitochondria encode for
four protein complexes which are all relatively conserved by negative selection which
15
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Figure 2-1: Mitochondrial genome of Homo sapien (human)
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eliminates deleterious mutations. However, the negative selection highly inﬂuences
some genes like cytochrome c and cytochrome b while this eﬀect is moderated for
ATP synthase [24].
Complex I: Contains seven subunits of NADH dehydrogenase (nad1, nad2, nad3,
nad4, nad4l, nad5, nad6 ). These proteins play an important role in electron transfer
and in NADH dehydrogenation. Nad1 gene sequence is the most conserved among
the other genes in this complex while nad6 is the less conserved.[24].
Complex III : Cytochrome b (cob) is the only component of this complex. The
cob protein is the part of the mitochondrial repsiratory chain which contributes to
the ATP synthesis[25].
Complex IV: The complex IV encloses generally three subunits of cytochrome c
(cox1, cox2 and cox3 ) which are relatively conserved throughout evolution[26]. Cy-
tochrome c subunits encode for transmembrane proteins that reside in the mitochon-
drial inner membrane and constitute the component of the respiratory chain that
catalyzes the reduction of oxygen to water[25].
Complex V: In Metazoa ATP synthase encodes for two protein subunits (atp6
and atp8 ). Their function is the transformation of adenosine diphosphate (ADP)
molecules to ATP [25].
2.2.2 TRNA Genes
The transfer ribonucleic acid (tRNAs) are RNAs that help in the translation of mes-
senger RNA (mRNA) into amino acid sequence (protein). In Metazoa 22 tRNA
are encoded in the mitochondria. For each of the 20 amino acids, only a single
tRNA is present, except the tRNAs for leucine and serine which have two tRNAs
each. Independent losses of tRNAs, which are compensated by tRNAs imported from
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the nucleus [27], are frequent in a few clades of Metazoa, e.g., Cnidaria [28], and
Chaetognatha [29]. Most tRNAs in organisms of all domains of life have a highly
conserved cloverleaf structure. Mitochondrial tRNAs of Metazoa, however, frequent-
ly exhibit aberrant structures. For example, lack of D-loops and/or T-loops[30], or
complete arms [31, 32]. Furthermore both D- and T-arm have been reported lost for
Enoplea[33], for an overview see[14].
TRNA Remolding Mitochondrial tRNAs exhibit a particular mode of evolution
known as tRNA remolding or tRNA recruitment. The remolded tRNA harbor one
or more point mutations at the level of the anticodon which change its identity[34].
If the accepted amino acid changed, the remolding is called alloacceptor, otherwise
it is called isoacceptor. Remolding of tRNAs is likely caused by a duplication-loss
mechanism. First, the tRNA is duplicated, then a point mutation occurs in the
anticodon which changes the identity of the tRNA and ﬁnally the original copy which
is identical to the remolded tRNA is lost [34, 35]. For an illustrated example see Fig. 2-
2. Since the mitochondrial tRNA remolding is frequently observed within genomes
of Metazoa (e.g. [34]), the detection of these events is essential for accurate mtDNA
annotation, rearrangement studies and phylogenetic reconstruction. For details about
the remolding detection methods and results see[36].
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Figure 2-2: Example of a tRNA remolding event. (a) tRNA- X is duplicated, a point
mutation occurs to its anticodon triplet "acg" and change it to "aca" the anticodon
triplet of tRNA-Y, and the secondary structure is slightly changed. (b) The original
tRNA-Y is deleted through evolution
2.2.3 Ribosomal RNA Genes
Ribosomes are molecules formed of protein and ribosomal RNA. The ribosomes con-
stitute the machinery of protein synthesis in every living cell[37, 38]. The ribosomes
in mitochondria are formed of two subunits: large subunit, and small subunit. The
small subunit selects the cognate tRNA for the translation of DNA message from
nucleotide to aminoacids[37]. Whereas the large subunit catalyzes the synthesis of
peptide bonds in order to polymerize the amino acids transferred by the tRNAs into
a polypeptide chain[39].
2.3 Translation
The mitochondrial translation is the synthesis of protein in mitochondria. During this
process the ribosome decode messenger RNAs (mRNA) using mitochondrial tRNAs
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according to the mitochondrial genetic code and form the functional proteins used
by the cells. The protein formation in mitochondria is characterized by the unusual
genetic code[40], which may even involve a re-interpretation of the universal stop
codon UAG translated as Tyr, e.g., in the sponge Clathrina clathrus[41] for a detailed
review see[22, 42]. Furthermore, some of the protein genes are overlapping and, in
many cases, part of the termination codons are not encoded but are generated post-
transcriptionally by polyadenylation of the mRNAs [43].
Another characteristic is the presence of translation frameshifts in the open read-
ing frame. The term frameshift (FS) designates a position-speciﬁc change of the frame
in which the ribosome reads the mRNA sequence. Frameshifts are caused by specifc
sequence and/or RNA secondary structure elements that program the ribosome to
shift the translation in the upstream direction (programmed +1 frameshift) or in the
downstream direction (programmed -1 frameshift)[44, 45]. Several frameshifts have
been found in mtDNA of animals in diﬀerent protein-coding genes. The majority
of reported cases are a +1 frameshift at position 174 of the nad3 gene which has
been described ﬁrst for nad3 in ostrich [46]. A frameshift at the same position (nad3
174) has been reported for several turtles and birds[47, 48, 49]. Whereas the African
helmeted turtle (Pelomedusa subrufa) hosts a +1 frameshift at a diﬀerent position
nad3 135 and further ones in nad4l at positions 99 and 262[50]. Pancake tortoise
(Malacochersus torneri ) has been found hosting an insertion in nad4 [49]. Further
+1 frameshifts have been reported for other genes in species from various phyla, e.g.,
diﬀerent sites in cytb of Polyarchis ants[51] and oyster[52], and cox3 and nad6 of
glass sponge[53]. Recently, [54] have shown that a +1 frameshift at the 3' end of cox1
and nad6 lead to the use of the standard UAG stop codon.
2.4 Genome Rearrangement and Breakpoints
The genome of animal mitochondria are subject to frequent rearrangements of the
gene order. However, there does not seem to exist a unique molecular mechanism for
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Figure 2-3: Elementary rearrangement events discussed for mitogenomes. From left
to right: inversion, transposition, inverse transposition, tandem duplication random
loss. Pseudogenisation leading to eventual gene loss is indicated by symbols without
borders. Adapted from [66] c○Elsevier
that. Inversions [55] can be explained by inter-mitochondrial recombination [56, 57].
Similarly, transposition [58] and inverse transposition [59] may also be the result of
nonhomologous recombination events [60, 61]. In a tandem duplication random loss
(TDRL) event [62, 63], on the other hand, part of the mitogenome, which contains
one or more genes, is duplicated in tandem; subsequently, one of the redundant copies
of the genes is lost at random. Transpositions can also be explained by a TDRL mech-
anism, and there is at least evidence that rearrangements involving the inversion of
genes can be explained by a duplication-based mechanism, where the duplicate is
inverted [64]. It remains an open question how variable the rates and the relative
importance of diﬀerent rearrangement mechanisms are over longer evolutionary time-
scales and in diﬀerent clades. While TDRLs leave a clearly identiﬁable trace in the
mitogenomic sequence, namely the usually rapidly decaying pseudogenized copies of
redundant genes [64], little is known about the impact of other rearrangement mech-
anisms. It has been observed, however, that lineages with frequent rearrangements
also show elevated levels of nucleotide sequence variation [65].
Mitogenome rearrangements are usually analyzed at the level of signed permu-
tations that represent the order and orientation of the genes, see Fig. 2-3. Inferred
rearrangement scenarios, i.e., sequences of a minimal number of rearrangement oper-
ations that explain the diﬀerences between two gene orders, depend strongly on the
operations that are considered [67]. While initially only inversions were considered,
more recent algorithms have also been developed for shortest TDRL rearrangemen-
t scenarios [68]. In contrast to inversions and transpositions, TDRLs are strongly
asymmetric, i.e., when a single TDRL suﬃces to obtain gene order 𝜋′ from 𝜋, mul-
tiple TDRLs are needed to go from 𝜋′ back to 𝜋. Parsimonious TDRL scenarios
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requiring more than one step are rarely unique [69] and usually a large number of
TDRLs with diﬀerent loss patterns are equivalent in circular genomes [70]. As a con-
sequence, it is impossible to precisely reconstruct a TDRL rearrangement event from
gene order information only. It is indispensable to analyze the underlying sequence
data to detect duplication remnants. This begs the question whether reversals or
transpositions also leave behind characteristic sequences that provide information on
the rearrangement type regardless the analysis of gene order data. This would oﬀer
more detailed and more reliable data on the relative frequency of diﬀerent rearrange-
ment mechanisms. A breakpoint is the region between two consecutive genes in the
reference genome that are not consecutive, or one of them is inverted, in the derived
genome. It is easy to determine the approximate location of breakpoints in relation
to annotated genes by the comparison of gene orders. Tools such as CREx [8] also infer
the putative type of rearrangement operations by assuming a most parsimonious re-
arrangement scenario. The exact localization of breakpoints in the genomic sequence
is a necessary prerequisite for any detailed investigation into sequence patterns that
might be associated with genome rearrangements.
Currently, only a few approaches use sequence data for genome rearrangement
analysis. Parsimonious rearrangement scenarios w.r.t. cut-and-join operations and
indels that minimize the diﬀerence in the size distribution of the breakpoint region-
s from expected values are computed in [9]. For next generation sequencing data,
diﬀerences in the alignments of the reads to a reference genome can be used to un-
cover rearrangements [10]. Alignments of synteny blocks can be extended into the
breakpoint region in order to delineate its position as precisely as possible [71]. This
approach does not handle duplications and their possible remnants.
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Chapter 3
Technical Background
The computational biology techniques used in the rest of chapters are reviewed in
this chapter. In particular, sequence alignment used for the breakpoints problem, in
addition to proﬁle alignment and phylogenetic trees which are used in the protein-
coding genes annotation problem. Finally, in section 3.4 we review the available
methods to annotate protein-coding genes in mitochondria.
3.1 Sequence Alignment
Sequence alignment is an essential task in computational biology. In particular se-
quence alignment is used for inferring phylogenetic relationships and predicting pro-
tein structure and function. Aligning sequences whether of DNA (alphabet of four
letters) or protein (alphabet of 20 letters) permits to show the similarity among the
sequences. This similarity is measured by a scoring scheme which rewards matches
among characters and penalize mismatches and gaps (indels).
Dynamic Programming Dynamic programming (DP) is one of the fundamental
algorithms in computational biology. DP is broadly applied in sequence alignment,
RNA secondary structure prediction and gene prediction. DP algorithms solve com-
plex optimization problems by dividing the problem to smaller sub-problems and the
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optimal solutions of these sub-problems are reused to solve the overall problem [72].
The sequence alignment with DP algorithm provides an optimal exact alignment with
polynomial time in number of sequences. Therefore, such alignments are only possible
for a limited number of sequences with short length.
3.1.1 Pairwise Alignment
The pairwise alignment is the alignment of only two sequences in a way to maximize
their similarities. The pairwise alignment can be global, local and semi-global or
glocal.
Global Alignment The global alignment allows to ﬁnd the global similarity across
the entire sequences. The Needlman-Wunsch (NW) algorithm [73] is the ﬁrst algorith-
m which applies the dynamic programming approach to pairwise sequence alignment.
To align two sequences 𝐴 and 𝐵, a DP matrix 𝑀 is built with the size |𝐴| × |𝐵|. 𝑀
is ﬁlled based on the following recurrence with 𝛿 being the scoring function for the
pairwise alignment :
𝑀𝑖,𝑗 = max
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
𝑀𝑖−1,𝑗−1 + 𝛿(𝐴𝑖, 𝐵𝑗)
𝑀𝑖−1,𝑗 + 𝛿(𝐴𝑖, ’-’)
𝑀𝑖,𝑗−1 + 𝛿(’-’, 𝐵𝑗)
(3.1)
For example let 𝐴 be the sequence 𝐴𝐶𝐺𝑇𝑇 and 𝐵 the sequence 𝐶𝐶𝐴𝐴𝑇𝑇 . And
the scoring function 𝛿 is +2 for 𝑚𝑎𝑡𝑐ℎ, −1 for 𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ and −1 for a 𝑔𝑎𝑝. The
dynamic programming matrix based on the NW algorithm is given in the Table 3.1.
The backtracking starts at the end (bottom right) of the matrix and continues till the
beginning (top left)of the DP matrix. Thus the optimal alignment is reconstructed
from the back traced path. The optimal alignment with score of +3 is the following:
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A ACG-TT
B CCAATT
1
- A C G T T
- 0 -1 -2 -3 -4 -5
C -1 -1 1 0 -1 -2
C -2 -2 1 0 -1 -2
A -3 0 0 0 -1 -2
A -4 -1 -1 -1 -1 -2
T -5 -2 -2 -2 1 1
T -6 -3 -3 -3 0 3
Table 3.1: Dynamic programming matrix for the Needelman-Wunsch algorithm
Local Alignment Aligning sequences locally is based on ﬁnding local similarity
among sequences i.e. parts of the whole sequences with no penalty for the unaligned
portions of the sequences. For example, alignment of DNA sequences where exons are
similar while introns are not. The alignment can be extended to the whole sequences
in case they are entirely similar. The Smith-Waterman algorithm[74] applies the
dynamic programming to align two sequences locally. The adopted recurrence is
slightly diﬀerent from the NW recurrence:
𝑀𝑖,𝑗 = max
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩
0
𝑀𝑖−1,𝑗−1 + 𝛿(𝑆𝑖, 𝑇𝑗)
𝑀𝑖−1,𝑗 + 𝛿(𝑆𝑖, ’-’)
𝑀𝑖,𝑗−1 + 𝛿(’-’, 𝑇𝑗)
(3.2)
In Smith-Waterman algorithm the backtracking starts at the maximum score in
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the DP matrix and stops at the ﬁrst occurrence of 0. The optimal local alignment of
the two sequences 𝑆 and 𝑇 , where 𝑆 is the DNA sequence 𝐺𝐴𝐴𝐶𝐺𝑇𝐴𝐺𝐺𝐶𝐺𝑇𝐴𝑇
and 𝑇 the sequence 𝐴𝑇𝐴𝐶𝑇𝐴𝐶𝐺𝐺𝐴𝐺𝐺𝐺, is the following:
S ACGGAGG
T ACGTAGG
1
Semi-Global Alignment The semi-global alignment is a partially local alignment.
The semi-global alignment is mainly used to ﬁnd the similarities between a sequence
and a smaller sequence. Thus the insertions and deletions at the beginning/end of
one of the sequences are not counted. Considering the alignment of a query sequence
𝑄 : 𝐴𝐶𝐶𝐶, to a reference sequence 𝐹 : 𝐴𝐴𝐴𝐶𝐶𝐶, with free gaps at the beginning
of 𝑄. The optimal alignment is the following.
F AAACCC
Q --ACCC
1
The recurrence in the semi-global alignment is similar to the NW algorithm. Free
ends gaps, however, require initializing the ﬁrst row/column with zeros (free starting
gaps). Furthermore, the backtracking starts at the maximum of the last row/column
(free ending gaps).
3.1.2 Multiple Sequence Alignment
Multiple sequence alignment (MSA) involves the alignment of more than two se-
quences. The sequence alignment with dynamic programming algorithms (see 3.1),
provides an optimal exact alignment with polynomial time in number of sequences.
Thus, such alignments are only possible for a limited number of sequences with short
length. Therefore, heuristics and approximation methods have been applied in tools
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such as MAFFT[75], CLUSTAL[76], PASTA[77] and HAlign[78]. Furthermore par-
allel computing has been introduced to reduce the actual running time for large scale
alignments[79]. However, Three-ways alignment using dynamic programming to yield
an exact alignment for relatively small sequences remains computationally feasible.
3.2 Profile Hidden Markov Models
Annotating protein sequences requires ﬁrstly comparing the new query sequence to
a collection of target sequences. A simple strategy consists of comparing the query
sequence to all the sequences in the target database in a pairwise manner one by
one. The most sensitive algorithms are the exact matching dynamic programming
alignment Smith-Waterman[74] and Needleman-Wunsch[73]. Exact matching algo-
rithms, however, are slow and computationally expensive. The speed problem has
been solved by heuristic approaches. Tools based on this approach has been widely
used in homology search (BLAST, FASTA[80]). Despite the high sensitivity in ﬁnding
closely related sequences, the performance of pairwise methods drops when the query
is remotely homologous to the other sequences in the database[81]. Furthermore the
measures provided by this approach represent the similarity to just the best scoring
alignment. Finding remotely homologous sequences with reliable and robust statisti-
cal measures has been achieved by Hidden Markov Models (HMMs). In 1994, HMMs
were applied to computational biology for proteins proﬁle modeling[82]. Proﬁle H-
MMs are built from multiple sequence alignment of homologous sequences. Thus, the
obtained model contains information about all the sequences in the alignment, which
increase the ability to detect new remotely homologous sequences. In addition, prob-
abilities are given at each column of the alignment for the variation of amino acids
and inserts and deletions at this column. Therefore, conserved and non-conserved po-
sitions can be distinguished thanks to the probabilistic HMM model[83, 84]. Despite
the increase of sensitivity toward the detection of distantly related sequences, a main
obstacle remained, which is the decrease of computational speed. This complicates
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the performance of large-scale sequences analysis. The ﬁrst implementations of proﬁle
HMMS were at least 100 fold slower than BLAST. However, considerable advances in
HMM algorithms and implementations, resulted from several optimization and accel-
eration eﬀorts[85, 86, 87, 88]. , have led to packages such as HMMER 3 with as much
speed as BLAST and better sensitivity and sensibility regarding the search of distantly
homologous sequences. Details about HMMER program are in the following.
HMMER HMMER is a software package which allows building probabilistic HMM
from a multiple sequence alignment (hmmbuild). In addition HMMER allows to align
a set of sequences to a model using hmalign. Furthermore HMMER allows the user
to compare protein models to protein sequences in both ways. Therefore one can
search a protein HMM model against protein sequences database (hmmsearch) and
on the other hand scan a protein sequence against a database of HMM models (h-
mmscan). Other programs included in the package are described in the user guide of
the software[89].
3.3 Phylogenetic Tree
The analysis of relationships between sequences has become a major tool for deter-
mining the history of organisms evolution. The phylogeny explains how species or
other groups evolved from their common ancestors. A phylogenetic tree is a diagram
that depicts the relationships among organisms or sequences.
Background The tree can be either rooted or unrooted Fig. 3.3. A rooted tree has
a root node which is the most recent common ancestor for all the species in the tree.
The tree branches represent the lineage between the ancestors and the descendants
nodes. The nodes are either internal or external (leaves). Internal nodes represent
the ancestor of the descendants nodes. While the leaves nodes represent the extant
species. Two species or sequences are closely related if their lowest common ancestor
is recent and are less closely related if their lowest common ancestor is less recent.
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Figure 3-1: Rooted and unrooted tree
Phylogeny in History Grouping and classifying organisms were practiced since
ancient times. Theorists, since a long time ago, tended to group animals and plants
based on their visible characteristics and morphology. For example Aristote grouped
animals based on their morphological aspects such as existence of wings, or number
of legs etc[90]. Later in the 18𝑡ℎ century, the Swedish botanist Carlous Linnaeus p-
resented a hierarchical classiﬁcation or taxonomy for groups and organisms such as
species within genera, genera within orders, orders within classes and classes within
kingdoms[91]. During the last 60 years and in the light of the advances in the molec-
ular biology tools, the scientists started using the molecular data such as DNA and
protein sequences from diﬀerent species to study the phylogeny of these species[83].
MtDNA and Phylogeny Fast evolving sequences can be used to study the evo-
lution of species separated up to millions of year. Whereas, older events need slowly
evolved sequences to be studied. Both nuclear and molecular DNA have been used
in phylogenetic construction. The mtDNA in general evolve in a faster pace than
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the nuclear DNA. However, diﬀerent loci in the mtDNA evolve in diﬀerent rate,
which makes the mtDNA suitable for phylogenitic studies in multiple time scales[90].
Protein-coding gene sequences in particular harbor characteristic signals which have
been proved to be useful for resolving disputed phylogenetic relationships [92, 93],
but the extraction of deep phylogenetic signals from protein-coding genes remains
challenging [6].
NCBI Tree [94] The NCBI tree is a taxonomy tree, meant to be consistent with
phylogeny, built based on the NCBI taxonomy database[94]. The database, which
is available online for the users, is based on a large amount of existing sequences
in Genbank, EMBL and DDBJ repositories. The database contains the scientiﬁc
names of organisms as well as the taxonomic lineages of the available sequences. The
power of this database comes from the continuous maintenance of the phylogenetic
information by manual curation according to the latest ﬁndings in the literature.
3.4 Genome Annotation for Mitochondria
Genome annotation allows to ﬁnd and locate the diﬀerent features of the genome
distributed throughout the genome sequence. These features include genes that code
for protein, RNA genes, and the non coding regions. Given the rapid increase in
number of sequenced mitogenomes, development of pipelines that are able to provide
fast, automatic, accurate and reproducible annotations requiring little or no manual
curation becomes imperative.
3.4.1 Annotation of Protein-coding Genes
Protein-coding genes in mitochondria are characterized by several peculiar features
that complicate the genes ﬁnding and annotation.
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∙ The use of unusual genetic codes[95], which may even involve a re-interpretation
of the universal stop codon UAG translated as Tyr, e.g., in the sponge Clathrina
clathrus [41], for a detailed review see [22, 96].
∙ The existence of overlap between genes [22].
∙ Ill-deﬁned 3' ends with truncated stop codons which are sometimes not entirely
encoded but completed by RNA polyadenylation [97]. For an overview about
incomplete stop codons see [98].
∙ The use of non-canonical start codons, e.g., in cox1 of insect mitogenomes (e.g.,
UCG), see [99].
∙ The presence of frameshifts in the open reading frame described in 2.3
3.4.2 Available Pipelines
A number of preliminary tools for annotating mitogenomes are available:
∙ DOGMA [5], a semi-automatic web tool for annotating mitogenomes and chloro-
plast genomes. The ends of the genes are deﬁned based on the NCBI genetic
code tables.
∙ MITOS [6], a fully automated pipeline for annotating metazoan mtDNA. The
start and stop of the genes are searched in the proximity of the ends found by
blast.
∙ Mitoannotator [7], a fully automated pipeline for annotating ﬁsh mtDNA. The
ends of genes are determined based on set of predeﬁned rules which ﬁt with the
ﬁshes genome.
3.4.3 Shortcomings of Currently Available Pipelines
All the mentioned tools use BLAST[4] for annotating protein-coding genes. The im-
plemented simple strategies have several shortcomings.
31
∙ Inconsistency of Databases: Incorrect annotations in reference databases such
as RefSeq [6] require either additional manual curation to obtain an unbiased
high quality set of trusted query sequences for the blast search or automatic
methods to cope with misannotated or biased queries at the level of the search
results. A manual curation step of the database, as used e.g., in DOGMA
and Mitoannotator, has the disadvantage that updates of the query database
are labor intensive and therefore it is diﬃcult to keep pace with the growth
of the available data. So far all tools and databases that require any manual
curation, such as MitoZoa [100], are not updated anymore or were not sustain-
able. However, an automatic strategy is pursued in MITOS. Instead of curating
the queries, the BLAST hits are aggregated and conﬂicts are resolved by what
essentially amounts to majority voting. The results of the current version of
MITOS occasionally need manual curation of the start and stop positions of
protein-coding genes [7, 101].
∙ Quality measures: The statistical measures for the quality of the annotations are
either diﬃcult to interpret (e.g., the aggregated e-values presented by MITOS)
or do only represent the similarity with respect to a single sequence[102].
∙ Missed genes: Despite the high sensitivity in ﬁnding closely related sequences,
the performance of pairwise methods drops when the query is remotely homolo-
gous to the other sequences in the database[81]. Consequently, some very short
and poorly conserved genes, in particular atp8, tend to be missed by BLAST-
based approaches[102].
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Chapter 4
Accurate Annotation for
Protein-Coding Genes in
Mitochondria
Mitochondrial genome sequences are available in large number and new sequences
become published nowadays with increasing pace. Fast, automatic, consistent, and
high quality annotations are a prerequisite for downstream analyses.
In this chapter we present an automated pipeline for fast de-novo annotation of
mitochondrial protein-coding genes. The annotation is based on enhanced phylogeny-
aware hidden Markov models (HMMs). The pipeline builds taxon-speciﬁc enhanced
multiple sequence alignments (MSA) of already annotated sequences and correspond-
ing HMMs using an approximation of the phylogeny. The MSAs are enhanced by
ﬁxing unannotated frameshifts, purging of wrong sequences, and removal of non-
conserved columns from both ends. A comparison with reference annotations high-
lights the high quality of the results. The frameshift correction method predicts a
large number of frameshifts, many of which are unknown. A detailed analysis of the
frameshifts in nad3 of the Archosauria-Testudines group is presented in 4.2.4.
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Figure 4-1: Overview of the workﬂow
4.1 Overview of the Workflow
The starting point is a collection of known mitochondrial protein-coding genes and a
phylogenetic tree. An initial MSA and corresponding HMM is constructed for each
protein-coding gene and each clade of the given phylogeny (details in Section 4.1.2).
The constructed models for the root of the phylogeny, i.e., Metazoa, are enhanced by
(i) the correction of unannotated frameshifts and (ii) the removal of poorly aligned
sequences and poorly conserved columns from both ends of the MSA (Fig. 4-1).
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4.1.1 Data Sets
The initial set of training data consists of the mitochondrial protein-coding genes
in RefSeq [103], more precisely the annotated CDS features. The data of the 3842
complete metazoan mtDNA sequences that are contained in RefSeq release 63 serve
as training data set, whereas the data of those 926 species that have been added in
RefSeq release 69 aﬀord a large collection of test data. For details on the taxonomy
distribution of both training and test data see Fig. 4-6. The phylogeny-aware model
building process described below requires a binary phylogenetic tree. We used the
NCBI taxonomy database [104] (downloaded 06-Mar-2014) as starting point. Mul-
tifurcations were replaced as in [36]: The branching pattern is obtained from the
neighbor joining tree computed from the alignment of the nad5 gene sequences of one
randomly selected representative of each child subtree of the multifurcation point.
The nad5 gene was chosen because it has shown good performance for phylogeny
reconstruction [105].
4.1.2 Construction of Initial Models
The given binary phylogenetic tree 𝑇 is used as a guide tree for the progressive
construction of a multiple sequence alignment (MSA) for each node of 𝑇 . To this end
we use HMMER version 3.1b2 [88]. For each leaf, i.e., for the species included in the
initial set of sequences, a (trivial) HMM is constructed from the single input sequence
using hmmbuild. For the progressive step consider an interior node 𝑖 of 𝑇 and its two
children 𝑘 and 𝑙 for which the corresponding HMMs 𝐻𝑘 and 𝐻𝑙 and MSAs 𝐴𝑘 and 𝐴𝑙
are already available. We ﬁrst compare the set of sequences 𝑆𝑙 in the subtree below 𝑙
with 𝐻𝑘 and correspondingly 𝑆𝑘 with 𝐻𝑙 using hmmsearch and determine which of the
two models scores better in these comparisons, i.e., which of the two models yields a
better mean bit score. An MSA for the sequences in 𝑆𝑖, which contains the sequences
of 𝑆𝑘 and 𝑆𝑙, is constructed on the basis of the better model using hmmalign. This is
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implemented by using the better model to extend the alignment corresponding to the
better model with the sequences of the other subtree. If, for instance, 𝐻𝑘 scores better
the sequences in 𝑆𝑙 are added to 𝐴𝑘 using 𝐻𝑘. Finally the model 𝐻𝑖 is constructed
from 𝐴𝑖 with hmmbuild. Traversing 𝑇 in a bottom-up fashion results in an MSA and
a corresponding HMM for each node. In particular, we obtain the most general model
at the root of 𝑇 .
4.1.3 Enhancement of the Models
The construction of the root model (Metazoa) for each gene obtained from the previ-
ous steps was guided by phylogeny. However artifacts were included in the alignments
while building the initial models. The main cause is that the input sequences contain
wrong or misannotated sequences, usually sequences that were annotated too short
or too long. Another frequent problem are unannotated frameshifts. To cope with
these eﬀects we modify the MSA in two ways: (i) identify and correct unannotated
frameshifts, (ii) remove poorly conserved sequences and poorly conserved columns at
both ends of the alignment.
4.1.3.a Correction of Frameshifts
In order to identify frameshifts we construct all possible frameshifted variants of each
gene sequence. Each variant is generated as the conceptual translation of a nucleotide
gene sequence from the training set where a nucleotide at position 𝑗 is deleted. An
iteration over all possible values of 𝑗 yields all variants. Furthermore also all variants
are generated where two consecutive nucleotides are removed. This makes it possible
to identify shifts of two nucleotides and, indirectly, also missing nucleotides. Of these
frameshift-translations we retain only those that do not include an early stop codon,
i.e a stop codon before the end of the amino acid sequence. These are scanned with
the query against the root HMM using hmmsearch. Since part of the frameshifted
sequence is translated in a wrong reading frame, this part will not ﬁt to the model
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Figure 4-2: Distribution of bit score diﬀerences (∆𝑠) of frameshifted and original
sequence for annotated and newly detected putative frameshifts. The bold line at
∆𝑠 = 25 marks the chosen threshold. Count is in log scale
and thus lead to a substantial decrease of the bit score. The Grubbs test [106] with
𝑝 ≤ 0.01 is employed to iteratively identify outliers from the distribution of the bit
score diﬀerences of the original and variant sequences. These are plausible candidates
for sequences frameshifts.
The outlier test predicted 325 putative frameshift candidates. Certainly, not all of
these outliers are real frameshifts, but signiﬁcant outliers are also possible for small
bit score diﬀerences (∆𝑠). Such instances are caused, for example, by sequences that
are not homologous to the query at all. A comparison of the ∆𝑠 values of previously
annotated cases and the novel candidates, see Figure 4-2, suggested a threshold value
of ∆𝑠 = 25. At this level all previously annotated frameshifts are retained and the
overwhelming majority of frameshift candidates with poor ∆𝑠 are rejected.
4.1.3.b Removal of Poorly Conserved Sequences and Columns
After the correction of the frameshifts, sequences that do not ﬁt in the alignment and
weakly conserved ends of the MSA are pruned. The row removal is done with the
method implemented by OD-Seq [107]. OD-Seq uses a gap based distance counting
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gene equal ∆± UP OP diﬀerent
atp6 925 (0.99) 0 (0.00) 0 (0.00) 5 (0.01) 0 ( 0.00)
atp8 874 (0.97) 0 (0.00) 16 (0.02) 12 (0.01) 1 ( 0.00)
cob 924 (0.99) 0 (0.00) 0 (0.00) 14 (0.01) 0 ( 0.00)
cox1 928 (0.99) 0 (0.00) 0 (0.00) 6 (0.01) 0 ( 0.00)
cox2 926 (0.99) 0 (0.00) 0 (0.00) 5 (0.01) 0 ( 0.00)
cox3 923 (0.99) 0 (0.00) 1 (0.00) 4 (0.00) 0 ( 0.00)
nad1 927 (1.00) 0 (0.00) 0 (0.00) 4 (0.00) 0 ( 0.00)
nad2 921 (0.99) 0 (0.00) 3 (0.00) 7 (0.01) 0 ( 0.00)
nad3 982 (1.00) 0 (0.00) 0 (0.00) 2 (0.00) 0 ( 0.00)
nad4 925 (0.99) 0 (0.00) 0 (0.00) 7 (0.01) 0 ( 0.00)
nad4l 911 (0.99) 0 (0.00) 9 (0.01) 3 (0.00) 0 ( 0.00)
nad5 933 (1.00) 0 (0.00) 0 (0.00) 4 (0.00) 0 ( 0.00)
nad6 917 (0.98) 0 (0.00) 12 (0.01) 4 (0.00) 0 ( 0.00)
Protein 12 016 (0.99) 0 (0.00) 41 (0.00) 77 (0.01) 1 ( 0.00)
Table 4.1: Results of the enhanced model on Metazoa, for each gene. Equal represents
a gene predicted by the model and the same gene is annotated in RefSeq. ∆±
represents a gene with diﬀerence in strand between the annotation and RefSeq. UP
are under-predicted genes. OP over-predicted genes. Diﬀerent are genes predicted
within the coordinates of other genes in RefSeq
the number of positions that have a gap in one sequence and not in the other. With
this method rows are removed if they are outliers in the distribution of the mean
gap distances with regard to the rest of the sequences. This test is implemented by
a z-score threshold which was set to 3.5 standard deviations except for nad5 and
cox3 genes where a value of 6 standard deviations was chosen because otherwise
more than 1% of the sequences would have been removed. The majority of removed
rows belongs to Mollusca, Arthropoda, Nematoda, and Tunicates. The percentage
of removed rows in each taxon, however, is gene speciﬁc. It never exceeds 0.6% of
the sequences (Fig. 4-5). Weakly conserved ends of the alignment are removed by
removing all columns with a low posterior probability, by default 𝑝 ≤ 0.4, proceeding
inwards from both ends of the alignment until 𝑝 > 0.4. This strategy removes up to
35% of the alignment (see Fig. 4-4). However, most of removed columns are largely
composed of gaps Fig. 4-3; the average of gaps in removed columns is 92%. A ﬁnal
model is built from the cleaned alignment.
38
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
ll
ll
l
l
l
l
l
l
l
l
ll
l
l
lll
lllll
l
l
l
l
l
lllll
lll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
llll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
lll
l
l
l
l
l
l
e
nd
start
a
tp
6
a
tp
8
co
b
co
x1
co
x2
co
x3
n
a
d1
n
a
d2
n
a
d3
n
a
d4
n
a
d4
l
n
a
d5
n
a
d6
0.00
0.25
0.50
0.75
1.00
0.00
0.25
0.50
0.75
1.00
gene
ga
ps
 in
 re
m
ov
e
d 
co
lu
m
ns
gene
atp6
atp8
cob
cox1
cox2
cox3
nad1
nad2
nad3
nad4
nad4l
nad5
nad6
Figure 4-3: Fraction of gaps in removed columns from the start and the end of the
alignments. The mean is 0.92, the median is 0.997
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taxa equal ∆± UP OP diﬀerent
Annelida 129 (0.98) 0 (0.00) 2 (0.02) 0 (0.00) 0 ( 0.00)
Anthozoa 139 (0.97) 0 (0.00) 2 (0.02) 1 (0.01) 0 ( 0.00)
Arthropoda 3053 (0.99) 0 (0.00) 15 (0.01) 20 (0.01) 0 ( 0.00)
Calicogorgia 13 (0.87) 0 (0.00) 1 (0.07) 1 (0.07) 0 ( 0.00)
Cestoda 36 (1.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 ( 0.00)
Craniata 7679 (1.00) 0 (0.00) 1 (0.00) 37 (0.00) 0 ( 0.00)
Demospongiae 26 (0.93) 0 (0.00) 2 (0.07) 0 (0.00) 0 ( 0.00)
Eleutherozoa 91 (0.99) 0 (0.00) 0 (0.00) 1 (0.01) 0 ( 0.00)
Mollusca 383 (0.96) 0 (0.00) 1 (0.00) 14 (0.04) 0 ( 0.00)
Monogenea 11 (0.92) 0 (0.00) 1 (0.08) 0 (0.00) 0 ( 0.00)
Nematoda 278 (0.93) 0 (0.00) 15 (0.05) 3 (0.01) 1 ( 0.00)
Nemertea 91 (1.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 ( 0.00)
Trematoda 36 (1.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 ( 0.00)
Tunicata 51 (0.98) 0 (0.00) 1 (0.02) 0 (0.00) 0 ( 0.00)
Table 4.2: Results of the enhanced model on Metazoa, for each taxa. Equal represents
a gene predicted by the model and the same gene is annotated in RefSeq. ∆±
represents a gene with diﬀerence in strand between the annotation and RefSeq. UP
are under-predicted genes. OP over-predicted genes. Diﬀerent are genes predicted
within the coordinates of other genes in RefSeq
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Figure 4-4: Percentage of removed columns, from the start and the end of the align-
ments, for each gene
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Figure 4-5: Taxonomic distribution of removed rows depicted by genes and taxonomic
groups. The bars show the percentage of removed rows for the corresponding group.
The colors represent the percentage of removed rows for the corresponding gene
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Figure 4-6: Taxonomy of training and test data sets in log scale
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4.1.4 Annotation
The protein-coding gene annotations are obtained from the best hits of the search
against the protein models. Therefore the annotation process starts with the trans-
lation of the complete unannotated mitogenomes in all six reading frames. Each of
the six conceptual translations is then scanned against the ﬁnal protein models with
hmmscan. From the output the bit score and the coordinates are extracted for all
hits with 𝐸 ≤ 10−3. To accommodate known overlaps between mitochondrial genes
[22], an 𝑜𝑣𝑒𝑟𝑙𝑎𝑝 < 20% of the length of the shorter of two adjacent genes is tolerated
in this step. For larger overlaps, the hit with larger 𝑒-value is discarded, in case of
equality the hit with lowest bit score is discarded.
4.1.5 Improvement of Start and Stop
The ends of the annotated genes are reﬁned based on the method implemented in
MITOS[6] in addition to a probabilistic method implemented in MITOS2[108]. The
ﬁrst method consists of searching for start and stop codons, deﬁned by the NCBI
genetic tables, in the proximity of the predicted ends. The latter is more sophisticated
and takes into account the following inﬂuences: i) the estimated distance to the
start or end of the gene (𝛿), ii) the probability to be a start or stop codon (𝜑),
iii) the probability of the resulting gene length (𝜆), iv) and the exclusion of annotated
adjacent tRNAs.
Let the start and stop positions with respect to the sequence be 𝑠𝑠 and 𝑠𝑒 respec-
tively. And 𝑞𝑠 and 𝑞𝑒 the corresponding positions with respect to the query model.
For each position 𝑝 (𝑠𝑠 ≤ 𝑝 ≤ 𝑠𝑒) the relative start position and relative stop
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position are given by:
𝑟𝑠(𝑝) = 𝑞𝑠 +
𝑞𝑒 − 𝑞𝑠
𝑠𝑒 − 𝑠𝑠 × (𝑝− 𝑠𝑒) (4.1)
𝑟𝑒(𝑝) = (𝑙𝑞 − 𝑞𝑠) + 𝑞𝑒 − 𝑞𝑠
𝑠𝑒 − 𝑠𝑠 × (𝑝− 𝑠𝑒). (4.2)
Where 𝑙𝑞 is the length of the hit in the query sequence. The values 𝛿𝑠(𝑝) and 𝛿𝑒(𝑝)
are the normalized relative start and stop position respectively.
𝜆(𝑙) is the probability to observe a gene with length 𝑙, where 𝑙 is the length
obtained for chosen start and end positions. 𝑙 is calculated as 𝑝-value:
𝜆(𝑙) = 2× min(𝐿≥, 𝐿≤)
𝐿≥ + 𝐿≤
, (4.3)
Where 𝐿≥ and 𝐿≤ are the number of species in RefSeq63 that have the same
genetic code and contain a gene of the same type that has a length of at least (re-
spectively at most) 𝑙.
The probability of a codon to be a start codon (𝜑𝑠(𝑝)) is assessed from the fre-
quency of being used as a start codon in RefSeq63. To allow for annotation errors
codons with frequency below 0.01 are not considered. Likewise, the probability of a
codon to be a stop codon (𝜑𝑒(𝑝)) is calculated, but all codons that are annotated as
inner codon with a frequency of at least 0.001 are ignored. The latter probabilities are
also computed for incomplete stop codons (T and TA). For incomplete stop codons
[109] the frequency is corrected by a malus, i.e., divided by three if one nucleotide is
missing (incomplete stop codon: UA) and divided by 12 if two nucleotides are miss-
ing (incomplete stop codon: U). The codon frequencies are determined separately for
each set of species that share the same genetic code.
A pair (𝑠, 𝑒) of start and stop position that maximizes the product of the selection
factors is chosen:
arg max
𝑠∈𝑆,𝑒∈𝐸
𝛿𝑠(𝑠) · 𝜑𝑠(𝑠) · 𝛿𝑒(𝑒) · 𝜑𝑒(𝑒) · 𝜆(𝑒− 𝑠 + 1), (4.4)
Where 𝜑 and 𝜆 are the values determined for the corresponding gene and genetic
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code.
In order to reduce the number of pairs (𝑠, 𝑒) that need to be evaluated only
positions 𝑝 in 𝑆 (respectively 𝐸) are considered for which 𝜑𝑠(𝑝) > 0 (respectively
𝜑𝑒(𝑝) > 0).
4.1.6 Benchmarking
In order to benchmark our annotation we compared the obtained predictions with
the annotation available in RefSeq69. For each of our predictions the feature of the
RefSeq annotation that overlaps most but by at least 10% is determined. A predicted
gene is considered as equal if the overlapping pair is of the same gene, diﬀerent if
the pair consists of diﬀerent genes, and over-predicted (OP) if no such overlap exists.
Furthermore, annotated genes in RefSeq that are not included in any such pair are
considered as under-predicted (UP).
To assess the quality of the generated alignments after the improvement steps,
we compare the generated alignments separately with the alignments before improve-
ment, the alignments obtained by MAFFT[75], and UPP [110]. As quality measures we
employed the average percent pairwise alignments identity (APPI), the most unrelat-
ed pairwise identity (MUPI) as deﬁned in the Alistat package [111], and the sum of
pairs score implemented (SP) in MUSCLE [112]. For a pairwise (sub)alignment of the
MSA, denote by ℓ1 and ℓ2 the length of the two sequences and let 𝑞 be the number
of identities in the alignment. Then APPI is the average of the ratio, 𝑞/𝑚𝑖𝑛(ℓ1, ℓ2),
MUPI is the minimum of 𝑞 over the entire alignment, and SP is the sum of scores of
all pairwise (sub)alignments in the MSA.
4.2 Quantitative Analysis
In order to evaluate the method, the obtained HMMs were used to annotate the
mitochondrial protein-coding genes in the 926 species in RefSeq release 69 which
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Figure 4-7: Alignment of atp8 in Ophagostomum columbianum with its closely related
species
were not included in the data set used to build the models (RefSeq release 63). On
an an Intel R○ CoreTM2 Quad CPU Q9400 at 2.66GHz with 8 GB of memory the
protein-coding genes can be annotated in less than 30 seconds in each of the 926
metazoan mitogenomes.
4.2.1 Annotation Quality
A comparison of our approach with RefSeq69 shows an agreement in 12013 out of
12132 (99%) cases. Of the remaining, 77 cases are over-predicted genes. As we will
discuss below, at least 59 of them are true positives that are missing in the RefSeq
annotations which leaves no more than 18 false positives. Additionally, there are 41
underpredicted genes, of which at least one is a true negative, 38 cases can be found
by scanning the mitogenomes against more speciﬁc models (phylum, class, order, . . . ).
Finally, there is a single case in which our annotation diﬀers from RefSeq. This case
is an atp8 in the strongylid worm Ophagostomum columbianum (NC_023933) that
is predicted in the 5' region of a cox1 in RefSeq. Despite a reasonable 𝑒-value of
6.5× 10−5 this case is likely a false positive since an MSA with closely related species
does not show conservation (see Fig. 4-7). Furthermore the known mitogenomes of
Strongylida lack this gene. Although the enhanced models missed the annotation of
2 cases and over annotated 18 genes, the method corrected RefSeq in 60 cases.
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Over-predicted genes Among the 77 OP, 53 cases have an 𝑒-value ≤ 10−7. A-
mong these hits 35 cases were certainly true predictions, since corresponding gene
or misc_feature entries are present in the GenBank ﬁles but CDS features were
missing whereby they are ignored by our GenBank parser. In 14 of these cases the
annotations contained hints to pseudogenes. In the other 17 cases the region is anno-
tated as non-coding, i.e., no gene was annotated, by RefSeq. Since the mitogenomes
are compact and the alignment of these genes to the closely related species based to
the general HMMs showed good quality, see example in Fig. 4-8 , we are conﬁdent
that these 17 cases are either pseudogenes or functional genes missed in the RefSeq
annotation. The remaining high-scoring OP hit was the gene nad4l in the accession
NC_024927. Here the product qualiﬁer of GenBank entry incorrectly reads NADH
dehydrogenase subunit 2 instead of NADH dehydrogenase subunit 4l. Among the
remaining 24 cases with an 𝑒-value > 10−7, six hits can be considered as true since
they are either annotated by RefSeq as pseudogenes or they are annotated on the
genome but no CDS is given.
Also note that, 29 of the OPs (all with 𝑒-values≤ 8.210−6) are clustered in a few
taxa: 14 cases in Phasianus colchicus (NC_024152) which has been removed in recent
releases of RefSeq and 15 cases in three unpublished so called minichromosomes of
Liposcelis entomophila (NC_025503, NC_025504, and NC_025505).
In summary only 18 predictions remain to be considered as OP. The 18 OP cases
are shorter than the homologous query sequences and are either located in an unanno-
tated part of the genome or inside other features (control regions or D-loop). Multiple
sequence alignments with closely related species support that these predictions are
false positives. For details about OP by accession see A.1.
Thus more than 75% of the OP cases are errors or misannotations in the reference
which highlights the advantage of our method to overcome inconsistencies and errors
in the reference database.
Under-predicted genes The general models missed the prediction of 41 genes
(UP genes). In one case, the cox3 gene in Loxioides bailleui (NC_025626), an interval
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Figure 4-8: Alignment example of true positive hit in atp8 for the accession
NC_025766. Alignments are displayed with ClustalX [76]
of only 18 nt is annotated in the reference; most likely this is a false positive in the
reference Fig. 4-9. This accession has indeed been removed from the most recent
version of RefSeq. The remaining 40 UP genes are distributed among the four short
mitochondrial genes: atp8 (16), nad6 (12), nad4l (9), and nad2 (3). For these cases
we calculated the MSA of the UP amino acid sequences as given in the reference
and closely related sequences with respect to the general model. The MSAs showed
poor conservation in all cases (example in Fig. 4-10. Hence, the combination of
small size and poor conservation seems to be the reason for missing these genes. We
compared the length of the intersection of the UP genes with the consensus, to the
average length of the intersection of the other sequences in the alignment with the
consensus. In all 40 cases the RefSeq sequences have similar values as close relatives
that are recognized by our approach, which indicates that they are false negatives of
our approach. The majority of UP cases belong to fast evolving groups (19 Nematoda
and 13 Chelicerata) although only one UP is only one in Tunicata and between zero
and 2 in the remaining phyla (see Table 4.2). Likewise the UP cases are more
prevalent in fast evolving genes i.e., atp8, nad6 and nad4l (see Table 4.1). However,
when scanning the UP genes against more speciﬁc models (closer to the leaves) almost
all (38) of these cases are found. Hence choosing models of lower levels, i.e., phylum,
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267980_cox31 HHSITEANRKQAIQALSLTVLLGFYFTALQAMEYYEAPFSIADGVYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTSNHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
433632_cox31 HHSITEANRKQAIQALSLTVLLGFYFTALQAMEYYEAPFSIADGVYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTSNHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
125294_cox31 HHSITEANRKQAIQALSLTVLLGFYFTALQAMEYYEAPFSIADGVYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTSNHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
74588_cox3 HHSITEANRKQAIQALSLTVLLGFYFTALQAMEYYEAPFSIADGVYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTSNHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
84782_cox3 HHSITEANRKQAIQALSLTVLLGFYFTALQAMEYYEAPFSIADGIYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTSNHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
36253_cox3 HHSITEASRKQAIHALSLTVLLGFYFTALQAMEYYEAPFSIADGVYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTPNHHFGFEAAAWYWHFVDVVWLLLYISIYWWGS---1 267
160760_cox31 HHSITEASRKQAIHALTLTVLLGFYFTALQAMEYYEAPFSIADGIYGSTFFVATGFHGLHVIIGSTFLLVCLLRLIKYHFTPSHHFGFEAAAWYWHFVDVVWLFLYISIYWWGS---1 267
NC_025626-cox3-9224-92421H-----------------------------------------------------------------------------------------------------------------QAX1 267
.......160.......170.......180.......190.......200.......210.......220.......230.......240.......250.......260.......
Figure 4-9: Alignment of cox3 for the accession NC_025626 with the closely related
species. Alignments are displayed with ClustalX [76]
class, or family, solves the fast evolving UP cases. Moreover other UP cases are
caused by the overlap threshold mentioned in Section 4.1.4. The overlap problem can
be solved by a column trimming strategy. Besides the considerable increase in run
time from 30 sec with the root models to 743 sec with the family models. This can be
solved by going to more speciﬁc models only in case of those species missing one of
the mitochondrial genes. Note that, only a few more OP results from scanning more
speciﬁc models (e.g., three when the family models are used) which can be eliminated
by overlap with the non coding features of the mtDNA. For an overview on all the
cases (equal, UP, OP and diﬀerent) check Supplement 1 1.
4.2.2 Start and Stop Positions
To compare the two annotations we determined the diﬀerences in start and stop po-
sitions (∆𝑆 and ∆𝐸) for all genes that are present both in RefSeq69 and in our
annotation. As expected, our annotations are systematically shorter due to the prun-
ing of noisy columns from the ends of the alignments. However, the largest average
∆𝑆 and ∆𝐸 are 13.87 𝑛𝑡 and 12.92 𝑛𝑡 respectively, i.e., the diﬀerence is less than
1https://drive.google.com/open?id=1j8bm71XZ-XUsL460PSqRtzf7z3yV8H3z
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CLUSTALp271pMULTIPLEpSEQUENCEpALIGNMENT
File:pD:guniversitygphdgtemplatesgappg6g63ff_nad25NC_f24f96532167ps Date:pSunpNovp12p15:52:12p2f17
Pagep1pofp1
. : : :: . : * *: :.: :: . .** . :. .: : : :::::* ... *:: :: : ::: : * * . . :.::: . :* .
45931_nad2 M----MISLNLTLFNFYTESMMGWWSTFFSLNLVFLYFIIKEE--VQLYFFSVYFYVQELMGFLFIFSLSNF----MVLMVLMFKSSLGLFFFLVWPMIKFLNGIIFFLFYFLFKNSLYPCPNKVCFFSFDSYLGFSLLLSAGVPMFFKD 150
46012_nad2 -MFYIFFLLMLMFMNYYLMSYIIWWLSFFLINIIMLLLV------KLYNVYLLYFIIYIFISEFLGFLFLLNFFNYFNYILLMIKVGISPFFYWLIFILFNLKSNILLYYLVYMKLVYLPVFYYLYLN-YLWMYLFGLVIIYFIMIF-FK 150
6326_nad2A -MFFVIVYLLFFFLVLNFYNFVVLWSIFLLMSITFFFL---SKLMLNESIIIFYFIVQESLGLMFLLFFMFDF----QWLILMIKMGVSPFIFWMFYLLELMNSFMIFWFLTFQKLPFVPMVKDFLVN-FFYFFVFGILFIYFLIFFVKK 150
6325_nad2A -MFFICMYLFLFFLTLNFFNFVILWSVFLLMSISFFFL---SKVLLNESIIIFYFIIQESLGLVFLLFFLFDF----QWLILMLKIGISPFIFWLFYLVEIMNSFLLFWFLTFQKLPFIPMIKDFLVN-FFYFFVIGILLIYFIIFFVKK 150
NC_024096-nad2-3216-4022A--MFCLLIFVLLIINFFFFNFLLWWMVFFMFNMFFLFYMFYYNN--MFFLFLLYFFFQEILGFFFILCFNFFF----MYMVVLLKTGFGPFFFMYIIFLKKMVLFIFFVYVYLNKLIYLPLIFFFFFG--WFFFFMGFVFCIFFQFFLFE 150
1.......10........20........30........40........50........60........70........80........90.......100.......110.......120.......130.......140.......150
: * :: * :. :: . :: : :: *:: * : : : ::::.: : .*: . : . : : . : : :
45931_nad2 LKSLGFFNSAESATLILVTFS-HSLMDSMMNLIMYFFIFFSSK-SSMKNFL-----------------DLEKSFFFLGLPFNVIFFIKVTFFCLVFNQM-LLFL-LFVFSMWMSMMGSLHFLLMEPVMMGS--------LKKLWLNNIWI 300
46012_nad2 LNSLMFFFSTQESFLLLLVMLSFSLMDFLLMFFYYFFF-FMMI-YIL-NLGL----------------DLEKVMYFINLPFFLVFFLKIWMFFNILKLF-YGYL-IIIMVFLSIFG---FLKFLFFYSFYSK----QFFFGNFYLFDLLL 300
6326_nad2A SKFLMMLNSIESFNWILCLIY-FNYFNYFYLFFFYLMSFFLLY-YYFSFLDY--------------TFSLVLILFLLNFPFFFSFFLKFFSLSFFSMMNFFSYL-ILVLMIFNLISLVYLFFIFFLNFFNLKKNQFNYFFFFFFY--L-- 300
6325_nad2A NKFLLMLNSVESFNWILCLIY-FNYFNYFYLFFFYLLSFFLMY-FYFFYLDT--------------NYSFIMILFLLNFPFLFSFFLKFFSLSFFSFMNFNLYI-ILILMFLNLISLFYLLFIFFLNFFNLKKNQMNYFFFFF--FFYLL 300
NC_024096-nad2-3216-4022AKKDLIFLNSMESHNMFFFMCI-LSLFDFFIFFFYYFLLFFFLLDYNFFLL--NIDDFFFLINLPINMIFFLKVFFLFGLGYVWMVFFFFTIMFGLFSQL-FFLLKMNCYYCFSLVKEFKYISFCMILMIM-------------------- 300
.......160.......170.......180.......190.......200.......210.......220.......230.......240.......250.......260.......270.......280.......290.......300
:
45931_nad2 FFIFFYF-IFNLFA 313
46012_nad2 FLLIFILFISPI-A 313
6326_nad2A --------LILF-A 313
6325_nad2A I-------LF---A 313
NC_024096-nad2-3216-4022A--------LL---A 313
.......310...
Figure 4-10: Alignment of nad2 for the accession NC_024096 with the closely related
species. Alignments are displayed with ClustalX [76]
Figure 4-11: Diﬀerences of predicted start (∆𝑆) and stop (∆𝐸) positions with respect
to RefSeq annotations. A positive diﬀerence corresponds to a prediction that is longer
than the reference annotation
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d t #
before improvement
𝑑 == 0 ∀ 0.08
𝑑 ≤ 3 ∀ 6.73
𝑑 ≤ 9 ∀ 20.04
𝑑 ≤ 30 ∀ 85.38
d t #
after improvement
𝑑 == 0 ∀ 60.13
𝑑 ≤ 3 ∀ 76.33
𝑑 ≤ 9 ∀ 82.52
𝑑 ≤ 30 ∀ 91.6
Table 4.3: The statistical improvement of the percentage of the genes where the
maximum diﬀerence (d) between annotated and predicted start and stop positions is
less than or equal 0, 3, 9, and 30 bp, respectively
5 𝑎𝑎. The distributions of ∆𝑆 and ∆𝐸 are shown in Figure 4-11. The diﬀerences
depend systematically on the gene in question. However, the percentage of columns
that is removed during the models enhancement phase is not consistent with ∆𝐸 and
∆𝑆. For example, the start of nad6 is trimmed more than the start (see Fig. 4-4),
yet ∆𝑆 is smaller than ∆𝐸.
Improved Start and Stop The application of the method in Section 4.1.5 on the
same RefSeq69 data showed a statistical improvement of the start and stop precision
comparing to the original prediction. The average ∆𝑆 and ∆𝐸 are 8.18 𝑛𝑡 and 5.18 𝑛𝑡,
i.e, an enhancement of 5.69 and 7.74 𝑛𝑡 respectively. However, the standard devia-
tion remained almost unchanged (15.06 and 11.82 𝑛𝑡 for ∆𝑆 and ∆𝐸 respectively).
Furthermore, the percentage of the genes where the maximum diﬀerence (d) between
annotated and predicted start and stop positions is less than or equal 0, 3, 9, and 30
bp, respectively, is signiﬁcantly better with the enhancement method Table 4.3. In
summary, the new method which consider the non-canonical start and stop codons in
mitochondria allowed a better prediction for the genes boundaries compared to the
initial predictions by the HMM models.
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4.2.3 Alignment Quality
Let us ﬁrst consider the eﬀect of the improvement steps. We observe that the APPI
increases in the overwhelming majority of genes between 1-4%, the MUPI gains are
between 2-30%, and ﬁnally the SP score increases in all genes between 3-32 points,
except for cox1 where the SP decreases by 5. This indicates that the procedure is
successful and in particular manages to identify and subsequently correct (frameshifts)
or remove (wrong) divergent sequences.
Our enhanced alignments have either the same APPI as the alignments computed
with MAFFT, or diﬀer by 1% up or down. Again we gain with respect to measures
that are sensitive to highly divergent sequences. The MUPI of MAFFT alignments is
between 1-13% lower and the average SP is lower up to 77 (Table 4.4). Thus, in
comparison with MAFFT the alignments of the majority of the genes have a higher
quality with regard to the three measures.
The comparison with UPP was possible for only one gene (atp6 ) since we were
not able to install the software on our 32-bit machine. The measures show again an
advantage of our alignment in the three measures. A gain in APPI of 1%, a raise of
2% in MUPI, and a raise of 7 in SP score can be observed.
4.2.4 Frameshifts
The frameshift detection method was applied on the data from RefSeq release 63.
The method succeeded to detect all 200 frameshifts annotated in RefSeq2. In all these
cases the location of the predicted frameshifts coincides with the RefSeq annotation.
With three exceptions (which were not included in the RefSeq set) and one diﬀerence,
we recovered also all frameshifts that are mentioned in the literature (85). Annotated
FS positions diﬀer only slightly between RefSeq and our annotation: median 0.5,
mean deviation 2.1± 7.29 nt, well within the range of ambiguities explained below.
2Frameshift are indicated in RefSeq as “joined” parts of annotated CDS separated by 1 or 2 𝑛𝑡.
52
Table 4.4: Alignment quality measures for the initial, enhanced, and MAFFT align-
ments. Shown are A: average percent pairwise alignments identity (APPI), M: most
unrelated pair-wise identity (MUPI), and S: sum of pairs (SP).
Initial Enhanced MAFFT
A M S A M S A M S
atp6 44 1 223 48 7 236 47 4 211
atp8 27 0 51 29 0 54 30 0 55
cytb 65 0 658 66 23 665 66 10 656
cox1 76 0 974 80 30 969 79 17 953
cox2 61 16 343 62 18 351 62 15 342
cox3 68 2 467 71 18 499 70 7 462
nad1 59 15 430 59 19 431 60 16 416
nad2 38 1 349 40 4 355 40 5 315
nad3 52 0 151 52 12 157 52 3 145
nad4 49 0 525 48 11 533 48 10 494
nad4l 41 0 77 43 3 81 43 2 73
nad5 44 6 633 44 12 641 44 9 564
nad6 30 1 121 31 3 124 30 1 89
The nad3 -174 frameshift found in many but not all Archosauria-Testudines [46,
48, 49] is predicted at the position reported by [47]. Other well-described examples
include nad3 -135 in P. subrufa [50], nad4 in M. torneri [50], cytb in oyster [52], cox3
and nad6 of glass sponge [53]. The polyarchis ants are not included in RefSeq. The
double frameshift in nad4l of P. subrufa [50] was not identiﬁed because our method
only searches for cases with a single frameshift. We remark that one of two consecutive
FSs in a single gene could still be reported by our method if no down-stream stop
codon occurs. This is not the case in the P. subrufa example, however. Frameshifts
that occur closer to the 3' end of the gene are harder to detect since the eﬀect on
the ∆𝑠 becomes negligible. Therefore, it is not surprising that we missed the −1
frameshifts at the very end of human cox1 and nad6 predicted by [54].
Frameshifts inNad3 The nad3 frameshifts events are restricted to the Archosauria-
Testudines group (Figure 4-12). The frameshift at position 174 is widespread and is
completely conserved in Palaeognathae. Whereas nad3 -174 disappears completely
in Crocodilia, Passeriformes, and Pleurodira. Some references consider Squamata
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as part of Archosauria [113], however, it does not harbor the frameshifts. In the
remaining taxa, the nad3 -174 FS is conserved to a high degree, nevertheless it is
absent in the minority of species of each group. Therefore as highlighted by [48],
this process of translational frameshift has been either (i) originated as a single event
at Archosauria-Testudines and then multiple losses occurred at diﬀerent sites in the
tree, or (ii) the frameshifts arose independently. Note that for the cases where no
nad3 -174 frameshift was predicted also no candidate with ∆𝑠 < 25 is found and also
the alignment shown in Figure 4-12 supports the conclusion that the frameshift is
absent in these sequences.
In [47, 48] positions and diﬀerent mechanisms were suggested for the frameshift.
Both assume stalling of the ribosome while trnL is bound to CUB with B designating
not A, where the last base corresponds to position 172 (in the following all positions
are reported w.r.t. our alignment) and the ﬁrst position of the next 0-frame codon
(AGN) corresponds to position 175. According to [48] the mechanism for stalling is
a 0-frame stop codon AGN, while according to [47] the cause is a stem-loop structure
that starts at the AGN codon. [48] suggested that the frameshift is caused by either a
re-pairing of the peptidyl site tRNA-Leu (Russel B) with the codon 1nt downstream
(i.e., frame shift at position 172) or the occlusion of the ﬁrst position of the amino-
acyl site (Russel C), which is the stop codon (i.e., a frameshift at position 175). The
alternative explanation of [47] is that position 174 is ignored due to a +1 slippage
or RNA editing. RNA editing as a possible cause was deemed unlikely by [47] and
experimentally excluded by [48].
The three possibilities aﬀect only two codons (Figure 4-13). Due to the ambiguities
of the genetic code, i.e., wobble pairing and  in this case  two codon boxes that are
translated to Leu, the conceptual translations that correspond to these alternatives
are equal and yield the same ∆𝑠 value. Such ambiguities limit the precision with
which the FS site can be located. Typically the ambiguous range covers only one or
two codons. It is possible however, to construct even more ambiguous cases. In the
theoretical worst case of a constant sequence such as CCCC... every position could
be the FS site. It should be noted, however, that such ambiguities have no inﬂuence
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Figure 4-12: Distribution of the nad3 frameshift in Archosauria and Anapsida on the
NCBI taxonomy common tree [104]. Symbols represent the absence (white circles) or
presence of frameshifts (black circle: position 174, plus: position 134, square position
109, cross position 124). The number of species in each group is shown at the leaves.
The MSA includes one random representative sequence of each group
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Mindell
LeuPhe Ser Phe Leu Val
C CU UUUU UGA A C A GUAC CUC UUUU UG A C GUA
C UC UUUU UGA A C UCA GUAC CCUU
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172169 175 178
Figure 4-13: Alternative interpretations of the same frameshift event
on our pipeline's ability to detect the frameshifted sequences, since it operates on the
conceptually translated amino acid sequences  and these are by deﬁnition the same
for all alternative FS locations.
In order to ﬁnd out which of the three cases is more likely a multiple sequence
alignment of the Archosauria+Testudines has been created with ClustalX [76]. In
contrast to the previous studies outgroup data is included (Squamata and Didelphi-
nae as a more distant chordate group). The conservation pattern strongly favors the
option suggested by [47]. The sequence around the fame shift position is nearly per-
fectly conserved (consensus without position 174 is TTC CTA GTA). Also the frameshift
position itself is well preserved being mostly C which constitute 86% of this column
ignoring gaps. Moreover the T at position 173 is 100% conserved in all the species
included in the alignment. Moreover at position 175 A is 91% conserved. A complete
alignment can be found in the Supplement 2 3. Note that the position 174 is shifted to
the position 181 due to other non-conserved insertions/deletions at earlier positions.
Since the frameshift is in all groups more often present than absent an ancestral gain
of the frameshift and infrequent loss seems to be a likely explanation.
Anapsida nad3 hosts, in addition, a non conserved frameshift mutation at three
diﬀerent positions 109, 124 and 134. The nad3 -134 was annotated in RefSeq and
described in [50]. The nad3 -109 (occurs in Cuora aurocapitata) has been reported
in [6]. The translation in the open reading frame does not initiate an early stop
codon, however the amino acid sequence translated in +1 frame is more similar to
the consensus. The nad3 gene in Cuora aurocapitata exhibit a deletion at position
124 and two extra nucleotides at positions 144-145.
3https://drive.google.com/open?id=1mdkW7mPqzY5rOONJb6aLR0EJiuLnt0GY
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Figure 4-14: Number of detected frameshifts (𝑙𝑜𝑔10 scale) for diﬀerent genes shown
separately for new (new) and already annotated frameshifts (annotated)
To assess the frameshift detection method we compared our results for nad3 in
the Archosauria-Testudines and Anapsida data sets to the results of MACSE on the
same dataset [114]. All the frameshifts detected by our method were reported also by
MACSE Supplement 34. However, for the FS at position 174, MACSE supports Russel
C (Figure 4-13), i.e., an insertion at position 175. On the other hand two FS at the
same positions were not detected with our method in the accessions NC_017839 and
NC_022957 since these frameshifts would imply a stop codon before the end of the
sequence. In addition, 68 frameshifts at the last position are predicted by MACSE.
These are not detectable by our method because they do not result in a signiﬁcant
score diﬀerence ∆𝑠. The frameshifts are most likely spurious and are explained by
incomplete stop codons [97].
New Frameshifts The un-annotated frameshifts (new), are spread over all protein-
coding genes except cox2 (Figure 4-14). We found frameshifts in the genes: atp8,
atp6, cox1, for which no frameshifts were previously annotated by RefSeq. These
frameshifts are not phylogenetically conserved, see Appendix A.2. Therefore we
cannot determine whether real frameshifts have occurred in diﬀerent sites in the tree,
or the reading frame change is caused by sequencing or annotation errors.
To summarize, we found 98.5% of the annotated frameshifts at nearly the same
positions. Furthermore we found 36 frameshifts which were not annotated in RefSeq.
4https://drive.google.com/open?id=1jitcaRUf7PRM-MMSJZGRytwnkYXAnCNz
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Those cases, if they are real frameshifts and not sequencing or annotation errors, shed
light on the advantages of our method to automatically detect errors in the reference
sequences.
4.2.5 Annotation of mtDNA in Fungi
The enhanced root models of Metazoa are used to annotate protein-coding genes of
Fungi (only the 13 canonical protein-coding genes present in Metazoa are considered).
The test set contains 96 fungal mitochondrial from the RefSeq release number 84.
The comparison with the reference annotation shows an agreement of 1015 genes
out of 1051 (97%). Of the remaining 260 cases 224 cases are over-predicted by our
method. Additionally 36 cases are missed (under-predicted) 4.2.5.
Over-Predicted Genes Among the 224 over-predicted genes (OP) 21 cases have
an 𝑒-value≤ 10−7. These OPs are clustered in only 8 accessions NC_005789, NC_015893,
NC_018100, NC_021373, NC_020430, NC_020331, NC_015991 and NC_005927. Af-
ter a manual check of the Genbank ﬁles we ﬁnd that the corresponding gene or
misc_feature entries are present in the GenBank ﬁles but CDS features were miss-
ing whereby they are ignored by our GenBank parser. Thus, these predictions are
certainly true positives. Note that it is impossible to construct a parser for the Gen-
Bank ﬁles in RefSeq that considers all possible cases. If, for instance, misc_feature
are included also annotated gene domains are included since they are additionally
annotated as misc_feature.
Of the remaining 203 OP genes, 75% belong to the atp8 gene. Moreover, the
distributions of scores for the atp8 gene do not show signiﬁcant diﬀerence in both OP
and equal cases. In contrast, for the rest of studied genes, the scores of equal hits are
mostly higher than those of OP hits Fig. 4-15.
Under-Predicted Genes Out of 36 UP genes 34 are for the atp8 gene known
for its short size and high variability between taxa. Overall the numbers of UP
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and OP are low except in the case of the atp8 gene. Accordingly, ignoring atp8, the
precision or positive predictive value of the models is 95%, and the sensitivity is 99.6%.
Therefore, metazoan models can be used to annotate the PC genes of Fungi with a
high accuracy for all the common genes except the atp8 known for its shortness and
poor conservation. Speciﬁc model built from fungal sequences is needed to annotate
this gene in addition to other PC genes that are not found in Metazoa.
equal ∆± UP OP diﬀerent
atp6 87 (0.93) 0 (0.00) 0 (0.00) 6 (0.07) 0 ( 0.00)
atp8 46 (0.11) 1 (0.00) 34 (0.08) 153 (0.81) 0 ( 0.00)
cob 87 (0.95) 0 (0.00) 1 (0.01) 4 (0.04) 0 ( 0.00)
cox1 87 (0.97) 0 (0.00) 1 (0.01) 2 (0.02) 0 ( 0.00)
cox2 87 (0.92) 1 (0.01) 0 (0.00) 7 (0.07) 0 ( 0.00)
cox3 85 (0.95) 0 (0.00) 0 (0.00) 5 (0.05) 0 ( 0.00)
nad1 76 (0.96) 0 (0.00) 0 (0.00) 3 (0.04) 0 ( 0.00)
nad2 76 (0.91) 0 (0.00) 0 (0.00) 8 (0.09) 0 ( 0.00)
nad3 78 (0.93) 0 (0.00) 0 (0.00) 6 (0.07) 0 ( 0.00)
nad4 76 (0.94) 0 (0.00) 0 (0.00) 5 (0.06) 0 ( 0.00)
nad4l 76 (0.87) 0 (0.00) 0 (0.00) 11 (0.13) 0 ( 0.00)
nad5 77 (0.93) 0 (0.00) 0 (0.00) 6 (0.07) 0 ( 0.00)
nad6 77 (0.91) 0 (0.00) 0 (0.00) 8 (0.09) 0 ( 0.00)
Protein 1015 ( 0.8) 2 (0.00) 36 (0.03) 224 (0.18) 0 ( 0.00)
4.3 Conclusion
In this paper an approach for the precise, automatic, and fast annotation of mitochon-
drial protein-coding genes has been presented. The implemented methods overcome
known problems in the annotation of these genes, i.e., unannotated frameshifts, and
misannotated genes. To this end we developed a fully automated pipeline for anno-
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tating mitochondrial protein-coding genes. The method creates taxon-speciﬁc Hidden
Markov models and their corresponding alignments from a set of annotated sequences
and an approximation of the phylogeny. The pipeline incorporates several methods
to improve the quality of the alignments and thereby also the quality of the model.
That is, purging of sequences, removal of non conserved columns from both ends of
the alignments, and correction of frameshifts. The method to detect frameshifts has
been applied to all metazoan mitochondrial protein-coding genes which resulted in a
large number of detected frameshifts, many of which have been unknown. A reanal-
ysis of the frameshift in nad3 of Archosauria-Testudines favors the position that was
previously suggested by [47] instead of [48].
The presented methods and the generated models are available from the authors
upon request.
Future work is the precise annotation of the gene ends which is complicated by
the peculiarities of the mitochondrial translations and integration with MITOS.
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Chapter 5
Semi Global Alignments of
Breakpoints Regions and the
Sequence Signatures of Mitochondrial
Genome Rearrangements
Genomic DNA frequently undergoes rearrangement of the gene order that can be
localized by comparing the two DNA sequences. In mitochondrial genomes diﬀerent
mechanisms are likely at work, at least some of which involve the duplication of
sequence around the location of the apparent breakpoints. We hypothesize that these
diﬀerent mechanisms of genome rearrangement leave distinctive sequence footprints.
In order to study such eﬀects it is important to locate the breakpoint positions with
precision.
In this chapter we deﬁne a partially local sequence alignment problem that assumes
that following a rearrangement of a sequence 𝐹 , two fragments 𝐿, and 𝑅 are produced
that may exactly ﬁt together to match 𝐹 , leave a gap of deleted DNA between 𝐿 and
𝑅, or overlap with each other. We show that this alignment problem can be solved
by dynamic programming in cubic space and time. We apply the new method to
evaluate rearrangements of animal mitogenomes and ﬁnd that a surprisingly large
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Figure 5-1: Overview of the problem: We assume that the preﬁx of 𝐿 and the suﬃx
of 𝑅 is known to be homologous to the reference. It thus suﬃces to consider a core
region indicated by the black frame. In this region we consider alignments in which
𝐿 and 𝑅 overlap (above) and alignments in which a gap remains between 𝐿 and
𝑅 (below). In the ﬁrst case, the overlapping, hashed, region is scored as three-way
alignment and deletions of a preﬁx of 𝑅 and a suﬃx of 𝐿 do not contribute to the
score. In the second case, the gap between 𝐿 and 𝑅 is penalized, however. Dashed
lines indicate the non-aligned parts of the sequences 𝐿 and 𝑅, resp.
fraction of these events involved local sequence duplication.
5.1 Theory
The exact localization of breakpoints in the genomic sequence is a necessary prereq-
uisite for any detailed investigation into sequence patterns that might be associated
with genome rearrangements. In the vicinity of a breakpoint, the sequence 𝐹 of one
genome, which we refer to as the reference, is contiguous. The homologous sequences
in the other genome are split into two non-contiguous parts, which we call 𝐿 and 𝑅.
In practice, 𝐹 contains two adjacent genes in the reference genome. The fragments
𝑅 and 𝐿 each contain the homolog of one of them. Without loosing generality, we
ﬁx the notation so that 𝑅 and 𝐿 are homologous to the right and left part of 𝐹 ,
respectively. If rearrangements always were a simple cut-and-paste operations, it
would suﬃce to ﬁnd the concatenation of a suﬃx of 𝑅 and a preﬁx of 𝐿 that best
matches 𝐹 . This simple model, however, does not account for TDRLs.
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We therefore have to allow that 𝑅 and 𝐿 partially overlap. It is also conceivable
that recombination-based rearrangements lead to the deletion of a part of the ancestral
sequence or the insertion of some nucleotides. To account for this possibility, we have
to allow that part of 𝐹 does not appear in either 𝑅 or 𝐿. The pertinent situations
are outlined in Fig. 5-1. The computational problem of pinpointing the breakpoint
position and identifying potentially duplicated or deleted sequence fragments can be
understood as a speciﬁc mixture of local and global alignments of the three sequences
𝐹 , 𝑅, and 𝐿, which we will formalize below. Three-way alignment algorithms have a
long tradition in bioinformatics [115, 116], where they have been used as components
in progressive multiple sequence alignment procedures [117, 118]. The combination of
local and global alignments in multi-way alignments, however, has not received much
attention. In the following section we show that an eﬃcient dynamic programming
algorithm can be devised for this task.
The alignment of the reference sequence 𝐹 and its two oﬀsprings 𝐿 and 𝑅 is global
at the outer end (here terminal deletions are scored), but local toward the breakpoint
region (here terminal deletions in 𝑅 and 𝐿, resp., remain unscored. Although the
problem is symmetric, we follow the usual algorithmic design of dynamic programming
algorithms for sequence alignments and consider partial solutions that are restrictions
to preﬁxes of 𝐹 , 𝐿, and 𝑅. In the following we denote by 𝑚 := |𝐹 |, 𝑛 := |𝐿|, and
𝑝 := |𝑅| the respective length of the input sequences. Denote by 𝑆𝑖,𝑗,𝑘 the maximal
score of an alignment of the preﬁxes 𝐹 [1..𝑖], 𝐿[1..𝑗], and 𝑅[1..𝑘]. As usual, an index
0 refers to the empty preﬁx. We restrict our attention to additive scores deﬁned on
the input alphabet augmented by the gap character (’-’). We write 𝛾(𝑎, 𝑏, 𝑐) for the
score of the three-way parts and 𝜎(𝑎, 𝑏) for the pairwise part, i.e., regions in which a
suﬃx of 𝐿 or a preﬁx of 𝑅 remains unaligned. More details will be given at the end
of this section.
The general step in the recursion for 𝑆 is essentially the same as for global three-
way alignments [115, 116], with a single modiﬁcation introduced by local alignment of
the left end of 𝑅. As in the familiar Smith-Waterman algorithm [74] we have to add
the possibility that 𝑅 is still un-aligned to the set of choices. This state is encoded
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by 𝑘 = 0. Thus
𝑆𝑖,𝑗,𝑘 = max
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
𝑆𝑖−1,𝑗−1,𝑘−1 + 𝛾(𝐹𝑖, 𝐿𝑗, 𝑅𝑘)
𝑆𝑖−1,𝑗−1,𝑘 + 𝛾(𝐹𝑖, 𝐿𝑗, ’-’)
𝑆𝑖−1,𝑗,𝑘−1 + 𝛾(𝐹𝑖, ’-’, 𝑅𝑘)
𝑆𝑖−1,𝑗,𝑘 + 𝛾(𝐹𝑖, ’-’, ’-’)
𝑆𝑖,𝑗−1,𝑘−1 + 𝛾(’-’, 𝐿𝑗, 𝑅𝑘)
𝑆𝑖,𝑗−1,𝑘 + 𝛾(’-’, 𝐿𝑗, ’-’)
𝑆𝑖,𝑗,𝑘−1 + 𝛾(’-’, ’-’, 𝑅𝑘)
𝑆𝑖,𝑗,0 , 𝑘 > 0
(5.1)
The initialization at the edges and faces of three-dimensional matrix deserves some
separate discussion. Entries of the form 𝑆𝑖,0,0 correspond to the insertion of a preﬁx
of 𝐹 . Since gaps relative to 𝑅 are not scored but need to be paid for in the alignment
with 𝐿, we have 𝑆𝑖,0,0 = 𝑖×𝑔, where 𝑔 is the uniform gap score. By the same argument
𝑆0,𝑗,0 = 𝑗 × 𝑔. The attempt to place 𝑅 to the left of 𝐿 and 𝐹 incurs costs relative to
both 𝐿 and 𝐹 , thus 𝑆0,0,𝑘 = 𝑘 × 2𝑔. The last case makes the alignment local w.r.t.
the right end of 𝑅, i.e., allows penalty-free deletions of any preﬁx of 𝑅.
The alignment of 𝐹 and 𝐿 in the absence of 𝑅 is global towards the left, hence the
face with 𝑘 = 0 (Fig. 5-2) is computed according to the Needleman-Wunsch algorithm
[73], i.e.,
𝑆𝑖,𝑗,0 = max
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
𝑆𝑖−1,𝑗−1,0 + 𝜎(𝐹𝑖, 𝐿𝑗)
𝑆𝑖−1,𝑗,0 + 𝜎(𝐹𝑖, ’-’)
𝑆𝑖,𝑗−1,0 + 𝜎(’-’, 𝐿𝑗)
(5.2)
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Figure 5-2: Alignment of 𝐹 and 𝐿 in the absence of 𝑅 (dotted plane) according the
equation 5.2
The 𝑗 = 0 plane describes alignments of 𝐹 and 𝑅 before the beginning of 𝐿. It also
follows the Needleman-Wunsch scheme but has a more elaborate scoring considering
triples of sequences since the insertions relative to 𝐿 are explicitly penalized here:
𝑆𝑖,0,𝑘 = max
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
𝑆𝑖−1,0,𝑘−1 + 𝛾(𝐹𝑖, ’-’, 𝑅𝑘)
𝑆𝑖−1,0,𝑘 + 𝛾(𝐹𝑖, ’-’, ’-’)
𝑆𝑖,0,𝑘−1 + 𝛾(’-’, ’-’, 𝑅𝑘)
(5.3)
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Figure 5-3: Alignment of 𝐹 and 𝑅 in the absence of 𝐿 (wavy plane) according the
equation 5.3.
The 𝑖 = 0 plane, ﬁnally, describes the alignment of 𝐿 and 𝑅 without 𝐹 . Since the
gaps are penalized at the beginning of 𝐹 , the scoring function 𝛾 is used in this plane.
The cells are ﬁlled according to the Needleman-Wunsch recursions in the following
manner:
𝑆0,𝑗,𝑘 = max
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
𝑆0,𝑗−1,𝑘−1 + 𝛾(’-’, 𝐿𝑗, 𝑅𝑘)
𝑆0,𝑗−1,𝑘 + 𝛾(’-’, 𝐿𝑗, ’-’)
𝑆0,𝑗,𝑘−1 + 𝛾(’-’, ’-’, 𝑅𝑘)
(5.4)
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Figure 5-4: Alignment of 𝐹 and 𝑅 in the absence of 𝐿 (dotted plane) according the
equation 5.4
The matrix 𝑆 computes not quite the solution to our problem however. Thus we
introduce a two-dimensional scoring matrix 𝑀 that holds the optimal scores of an
alignment of 𝐹 and 𝑅 that continues after the end of the aligned part of 𝐿, i.e., after
the breakpoint position in 𝐿. It satisﬁes the recursion
𝑀𝑖,𝑘 = max
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
𝑀𝑖−1,𝑘−1 + 𝜎(𝐹𝑖, 𝑅𝑘)
𝑀𝑖−1,𝑘 + 𝜎(𝐹𝑖, ’-’)
𝑀𝑖,𝑘−1 + 𝜎(’-’, 𝑅𝑘)
max
𝑗
𝑆𝑖,𝑗,𝑘
max
𝑖′<𝑖
max
𝑗
𝑆𝑖′,𝑗,0
(5.5)
The ﬁrst three cases are the Needleman-Wunsch style extension of the pairwise align-
ment. The next case corresponds to the situation that 𝐿 ends with position 𝑗 in
the three way alignment. In the ﬁnal case the three sequences do not overlap. Our
model stipulates that gaps between the left end of the 𝐹𝐿 alignment and the right
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end of 𝐹𝑅 alignment are not penalized, hence there is no gap cost contribution for
the interval 𝐹 [𝑖′ + 1..𝑖] on the reference sequence.
Since the alignment of 𝐹 and 𝑅 is global at its right end, the traceback starts
from the lower right corner of 𝑀 , i.e., the entry 𝑀𝑚𝑝. If there is an overlap region,
the traceback moves from𝑀 to 𝑆 at an index triple (𝑖, 𝑗, 𝑘) with 𝑘 > 0. In the case of
a gap region the transition is directly to the 𝐹𝐿 surface, i.e., at 𝑘 = 0. The traceback
terminates when it reaches 𝑆0,0,0 (see Fig. 5-5.
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Figure 5-5: Traceback in the matrix 𝑆. In case of overlap the traceback starts at
index triple (𝑖, 𝑗, 𝑘) (red line), if the alignment contains a gap instead, the traceback
starts at (𝑖, 𝑗, 0)(blue line)
The algorithm uses 𝑂(𝑛3) space and time for input sequences of length 𝑛. To
achieve this time complexity, notice that ?˜?𝑖 := max𝑖′<𝑖 max𝑗 𝑆𝑖′,𝑗,0 can be pre-computed
in quadratic time for each 𝑖 and memoized in a linear array. As a further optimization,
we may use ?˜?𝑖 = max(max𝑗 𝑆𝑖−1,𝑗,0,𝑚𝑖−1).
The scoring model must satisfy the usual constraints for local similarity based
alignments: gap and mismatch scores must be negative, at least on average, as other-
wise the option to remove free end gaps would never be taken. Furthermore, mismatch
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scores must be larger than indel scores to avoid the proliferation of insertions followed
by deletions or vice versa. Here we use the sum of pairs model
𝛾(𝑎, 𝑏, 𝑐) = (𝜎(𝑎, 𝑏) + 𝜎(𝑎, 𝑐) + 𝜎(𝑏, 𝑐)) /𝑤(𝑎, 𝑏, 𝑐) (5.6)
with pairwise similarities 𝜎( . , . ) deﬁned on the alphabet comprising the four nu-
cleotides and the gap character ’-’. This scoring model satisﬁes the required con-
straints, provided the pairwise scores 𝜎( . , . ) are suitable for pairwise local sequence
alignments [119]. We use match and mismatch scores 𝜎(𝑎, 𝑎) = 𝛼 and 𝜎(𝑎, 𝑏) = 𝛽
for 𝑎 ̸= 𝑏 ∈ 𝒜 that are independent of the letter of the alphabet. The gap scores
are also speciﬁed in a sequence-independent manner: 𝜎(𝑎, ’-’) = 𝜎(’-’, 𝑎) = 𝛿 and
𝜎(’-’, ’-’) = 0. The pairwise scoring scheme is thus speciﬁed by {𝛼, 𝛽, 𝛾}. In ad-
dition we use a sum-of-pair weight 𝑤(𝑎, 𝑏, 𝑐) = 𝑊 if 𝑎, 𝑏, 𝑐 ∈ 𝒜 are all letters, and
𝑤(𝑎, 𝑏, 𝑐) = 1 if at least one of 𝑎, 𝑏, and 𝑐 is a gap character. This extra parame-
ter modiﬁes the relative weight of the overlap region compared to the parts of the
alignments in which only 𝐿 or only 𝑅 is aligned to the reference 𝐹 .
5.2 Parametrization of the Scoring Function
In order to test whether the DP scheme outlined in the previous section is indeed
capable of determining the breakpoint location with suﬃcient accuracy we used syn-
thetic data. We separately prepared test data with a gap relative to 𝐹 and test data
with an overlap of 𝑅 and 𝐿. A random suﬃx or preﬁx of the same length was ap-
pended to the 𝑅 and 𝐿 sequences, thereby complementing them to mimic a scenario
in which input sequences comprise two annotation items ﬂanking the approximate
location of the breakpoint. Both the designed gap and overlap lengths were ﬁxed at
10 nucleotides. We used both perfect sequences and sequences in which 𝐿 and 𝑅 were
mutated with a position-wise probability of 15% or 30%, respectively.
In order to survey the inﬂuence of diﬀerent alignment parameters we scanned all
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Figure 5-6: Variation of overlap and gap sizes in simulated data as a function of
alignment parameters (score: match, mismatch, gap), sum of pairs weight 𝑊 , and
sequence divergence mut between 𝐹 and 𝑅 or 𝐿, respectively. The ground truth is
indicated by solid lines at −10 of for the gap scenario and +10 for the overlap case
combinations of match scores in {1, 2, 3} and gap/mismatch scores in {−1,−2,−3}.
The overlap is deﬁned as the number of alignment column from the ﬁrst to the last
position at which all three sequences, 𝐹 , 𝐿, and 𝑅, are aligned. The size of the gap
between or overlap of 𝑅 and 𝐿 was estimated from a sample of 50 simulated instances
for each parameter combination. In addition we investigate the eﬀect of the sum of
pairs weight parameter 𝑊 ∈ {1, 2, 3}
We ﬁrst consider the test cases with overlap. In the absence of artiﬁcial mutation
the expected overlap size matches the expected value for 𝑊 = 1. For large values of
𝑊 the observed overlap is reduced to 5.9 ± 4.4. This is not unexpected since large
values of 𝑊 down-weight the triple matches in the overlap region relative to indels in
one of the sequences. The overlap size decreases with increasing sequence variation.
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Again, larger values of 𝑊 aggravate the eﬀect. For 𝑊 = 1 most pairwise scoring
models yield good estimates of the true overlap size. Exceptions are models with s-
mall relative match scores such as {1,−2,−2}, {1,−2,−3}, {1,−3,−2}, {1,−3,−3},
which produce overlaps that are too short or even gaps in the presence of elevated
levels of sequence variation. If match scores are too large, overlaps tend to be over-
estimated. This is the case for the scoring schemes {3,−1,−1}, {3,−2,−1}, and
{3,−3,−1}.
In the test cases with a gap between 𝐿 and 𝑅 we ﬁnd that gap sizes do not depend
strongly on the sequence divergence. In general, gap sizes tend to be underestimated,
in particular in scoring functions with small gap penalties. This is explained by the
fact that there is a non-negligible chance that the ﬁrst few nucleotides of the random
suﬃx of 𝑅 or the last few nucleotides of the random preﬁx of 𝐿 also match with 𝐹 .
Best results were obtained for {1,−1,−3}, {1,−1,−2} for 𝑊 = 1. Larger values of
𝑊 do not lead to improvements.
Combining the results for the gapped and the overlapping examples, the scoring
functions {1,−1,−3}, {1,−1,−2}, and possibly {2,−3,−3} perform best. Through-
out the remainder of this contribution we use 𝑊 = 1 and the pairwise alignment
scores {1,−1,−2}.
5.3 Mitochondrial Rearrangement Data
We apply our alignment method to a collection of 152 unique animal mitochondrial
gene order pairs that contain exactly the 37 canonical genes: atp8, atp6, cob, cox1,
cox2, cox3, nad1, nad2, nad3, nad4, nad4l, nad5, nad6, rrnL, rrnS, trnF, trnV, trnI,
trnM, trnQ, trnW, trnA, trnY, trnN, trnC, trnS2, trnK, trnD, trnG, trnR, trnH,
trnS1, trnL1, trnE, trnT, trnP, trnL2. The list of accession numbers was taken from
[120] and the gene orders extracted from the annotations in RefSeq release 73 [103].
Rearrangement analysis for all pairs of unique gene orders has been done with CREx
[8]. For our analysis only pairs of unique gene orders are considered that are separated
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by a single rearrangement event, i.e., we retain 144 genome pairs of which 124 are
predicted by CREx [8] as transpositions, 14 as inversions and six as TDRL. Since
transposition and inversion are symmetric both directions are considered, i.e. 62 and
7 pairs in each direction, respectively. For the analysis of the breakpoint regions for
each pair of unique gene orders a pair of representative sequences has been chosen
that is most closely related according to the NCBI taxonomy database [104].
For each predicted breakpoint we extract the reference sequence from one genome
and the two predicted fragments from the other, where the former genome exhibits the
putative ancestral state of the rearrangement and the latter the putative derived state.
All sequences are retrieved from RefSeq release 73 [103]. The reference sequence 𝐹 is
the concatenation of the last 60 nt of the left gene, the intergenic region if available,
and the ﬁrst 60 nt of the right gene. The left query 𝐿 is formed of the last 60 nt of
the left query gene and the intergenic region with respect to the next gene (previous
gene in case of inversion). The right query 𝑅 is formed by the intergenic region with
respect to the previous gene (next gene in case of inversion). In case of inversion the
reverse complement of the corresponding query is used in the alignment. For each
triple (𝐹,𝐿,𝑅) the alignment is computed as described above and the length of the
overlap of 𝐿 and 𝑅 or the length of the gap between 𝐿 and 𝑅 is recorded. However,
we exclude 191 alignments that contain stretches of intergenic region longer than 40
nt in the reference sequence and 𝑅 or 𝐿 are very short i.e less than 10 nt 𝐹 from the
statistical analysis. In total, we removed 233 of 459 alignments. Most of these cases
are due to annotation errors in RefSeq or because we did not consider the control
region for the computation of the gene orders. A complete set of the corresponding
breakpoint alignments is compiled in Supplement 41 and Supplement 52 in human
and machine readable form, respectively. Furthermore, the rearrangement events
considered here are compiled in Appendix B.1.
We only included the 49 pairs of gene orders with symmetric rearrangements in the
comparison of the average overlap sizes where the alignments for both choices of the
1https://drive.google.com/open?id=1Dl0QqVr12d3euQiQ5w5Lm_18KAbekkaS
2https://drive.google.com/open?id=1AkGPaGtszCGEdcD9hNPzJN_Wx27ji4oI
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trnW trnA︷ ︸︸ ︷ ︷ ︸︸ ︷
R GCTAAATTAGACTAAGGACCTTCAAAGCCCAAAGCAGAAGTTAAAATCTTCTAATCTTTGAATAAGACTCGCAAGATTCTATCTAACATCCTTTGAATGCAACCCAAATACTTTAATTAAG- 121
trnW G-TTA-TTAGACTAAGGACCTTCAAAGCCCTAAGCAGAAGTTAAAATCCTCTAATCTTTG--TTAGA------------------------------------------------------- 63
trnA -----------------ACCTTTAAAATCCTAAATA-AAGATAAA-T--T-TAATCTTTG--TAAGACCTGTAAGACTTTATCTTACATCTTATGAATGCAACCCAGACACTTTAATTAAGC 98︸ ︷︷ ︸
trnW ︸ ︷︷ ︸
trnA
trnA trnN︷ ︸︸ ︷︷ ︸︸ ︷
R CAAGATTCTATCTAACATCCTTTGAATGCAACCCAAATACTTTAATTAAGCTAGAGCCTTACTAGACTAGCAGGTTTTTATCCTACAACCTTTTAGTTAACAGCTAAACACCCAAATCAA- 120
trnA TAAGACTTTATCTTACATCTTATGAATGCAACCCAGACACTTTAATTAAGCTAAGACCTTACTTGATTGGCAGACCCTTACCCCATAATATTTTAATTAAC---T--ATACCCACATCT-- 114
trnN ---------------------------------------CTCTTATGAA-CTAAAACCTTACTAGATTAGTAGGCTTTTACCCTACGATCTTTTAGTTAACAACTAAATACCCACATCTGG 81︸ ︷︷ ︸
trnA ︸ ︷︷ ︸
trnN
OL trnC︷ ︸︸ ︷︷ ︸︸ ︷
R CTTCTCCCGCTT-GTTGGGGGAAAAAAGCGGGAGAAGTCCCAGCAG-GAGTAATTCTGCTCTTTAAAATTTGCAATTTTATGTGCTAA-ACACCA 92
OL CTTCTCCCGCTTTGTGGGGGGGGAAAAGCGGGAGAAGCCCCGGTAGAGAATTAT-CTGCTC--TGAAATTTGTAACT-CATATGCTTA--CACCA 89
trnC CTTCTCCCG-TT--TTGTGGG--AAAA-CGGTAGAAGCCCCGACAGAAAATTAT-CTGCTCTCTGAAATTTGCAATTTCATTTGCTTATACACCA 88︸ ︷︷ ︸
OL ︸ ︷︷ ︸
trnC
trnY cox1︷ ︸︸ ︷ ︷ ︸︸ ︷
10. 20. 30. 40. 50. 60. 70. 80. 90. 100. 110. 120.
R ACTTAAACCTTTATGATCGAGGCTACAACTCGACACCTTTTTTCGGACACCTTACCTGTGATAATCACTCGATGACTATATTCAACAAATCATAAAGATATTGGCACCCTTTATTT 120
trnY A-TTAAACCTTTATAAATGAGACTACAGCTCACCACCTATTT-CGGTCACCTTATCTATAGTA-TTACCCGATAGCTCTTCTCAACAAAT-A-A-A-ATATT-GTACCCT-TATTT 113
cox1 ----------------------------------------------ACACCTTACCTATGATAATTACCCGATGATTCTTCTCAACAAATCATAAAGATATTGGTACCCTATATTT 70︸ ︷︷ ︸
trnY ︸ ︷︷ ︸
cox1
trnN OL︷ ︸︸ ︷︷ ︸︸ ︷
R ----T-TTATCCTACAACCTTTTAGTTAACAGCTAAACACCCAAATCAATCTAGGCCTTAGTCTACTTCTCCCGCTT-GTTGGGGGAAAAAAGCGGGAGAAG- 96
trnN AGGCTTTTACCCTACGATCTTTTAGTTAACAACTAAATACCC-A--C-ATCT-GGCCTTAATCTACTTCTCCCGTTTTGTGGG-------------------- 78
OL ------TTACCCCATAATATTTTAATT-A-A-CT--ATACCC-A--C-ATCT-GGCCTTAATCTACTTCTCCCGCTTTGTGGGGGGGGAAAAGCGGGAGAAGC 87︸ ︷︷ ︸
trnN ︸ ︷︷ ︸
OL
Figure 5-7: Breakpoint alignments for the mitochondrial genome rearrangement sep-
arating the reference gene order of Phaeognathus hubrichti (NC_006344) from Hy-
dromantes brunus (NC_006345). This is a clear example of a TDRL. Alignments are
displayed with TeXshade [121]
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reference were retained. This data set comprises 3 inversions and 46 transpositions,
corresponding to 186 alignments.
5.4 Quantitative Analysis
Fig. 5-8 summarizes the distribution of overlap sizes. Several patterns are clearly
visible. First, there is a substantial fraction of alignments with long gaps. The main
cause of these long gaps is a very low nucleic acid sequence similarity with an average
of only 39% between the gene portions (60 nt from start or end). This explains 10 of
the 15 cases. Some of the remaining cases are explained by annotation errors such as
the misannotation of trnY in Luvarus imperialis. In four alignments the long gaps
are caused by the long intergenic region in reference sequence 𝐹 .
The distribution of the overlap sizes for the diﬀerent types of rearrangement is
shown in Fig. 5-8(a). For TDRLs we expect to see overlaps of 𝑅 and 𝐿 that are
interpreted as remnants of the duplication event. Indeed, of the 44 alignments of
breakpoint regions that are due to TDRL in the CREx data, 37 have a non-zero
overlap. The mean overlap length is 7.5 nt, also including instances with a gap. In
principle, the overlap can vanish due to a complete deletion of the duplicate and
due to sequence divergence between the functional and the non-functional copy that
eventually erases all detectable sequence similarity. The latter explanation is plausible
only for species pairs with large phylogenetic distance.
The is no a priori theoretical prediction for the expected overlap in the case of
inversions and transpositions. Among the seven alignments classiﬁed as inversions by
CREx there is no or only a marginal overlap of a few nucleotides. Note that overlaps
of 2-3 nt can be easily explained by random matches rather than as a remnant of
the genome rearrangement. Thus, our data indicates that the molecular mechanism
generating inversions neither duplicates not deletes sequence in the breakpoint re-
gion. Also, there seems to be no common sequence pattern associated with these
breakpoints.
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Table 5.1: The rearranged pairs with average overlap size ℓ¯ > 10 nt and their rear-
rangement type as speciﬁed in the literature
Species Accessions ℓ¯ Literature Type Reference
Maulisia mauli
Normichthys operosus
NC_011007
NC_011009
127 TDRL [64]
Phaeognathus hubrichti
Hydromantes brunus
NC_006344
NC_006345
66
no duplication
TDRL
[122]
[123]
Galaxias maculatus
Galaxiella nigrostriata
NC_004594
NC_008448
62
duplication
deletion
[64]
Jordanella floridae
Xenotoca eiseni
NC_011387
NC_011381
59
duplication
deletion
[124]
Olisthops cyanomelas
Chlorurus sordidus
NC_009061
NC_006355
27 duplication [125]
Parachanna insignis
Odontobutis platycephala
NC_022480
NC_010199
25 TDRL [126]
Platax orbicularis
Luvarus imperialis
NC_013136
NC_009851
20 annotation error trnY [127]
Ischikauia steenackeri
Chanodichthys mongolicus
NC_008667
NC_008683
20 annotation error trnI [128]
Albula glossodonta
Pterothrissus gissu
NC_005800
NC_005796
20 TDRL [129]
Galago senegalensis
Otolemur crassicaudatus
NC_012761
NC_012762
19 annotation error trnI [130]
Batrachoseps wrighti
Batrachoseps attenuatus
NC_006333
NC_006340
19
duplication
deletion
[123]
Diplophos taenia
Chauliodus sloani
NC_002647
NC_003159
19 TDRL [131]
Chlorurus sordidus
Xenotoca eiseni
NC_006355
NC_011381
18
duplication
deletion
[125]
Chauliodus sloani
Myctophum affine
NC_003159
NC_003163
10
duplication
deletion
[132]
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Figure 5-8: Distribution of overlap sizes for the breakpoints types of pairs of animal
species (a) as classiﬁed by CREx. (b) By species pairs are grouped by the phylogenetic
age of their last common ancestor according to the NCBI taxonomy. (c) By the class
to which the overlap belongs
Transpositions can be generated by TDRL or a recombination. The 177 align-
ments of the breakpoint regions of gene orders separated by a transposition show an
average overlap of 5.2 nt. Only for less than half of the alignments (83) an overlap
≥ 0 has been found. This can be explained in part by annotation errors. The main
reason, however, is that both possible choice for the ancestral state, i.e., the reference
sequence 𝐹 are included for each pair. Only one of them is expected to generate
an overlap (see below). Thus many of the cases that CREx predicts as transposition
are generated by a TDRL on a molecular level. By design, CREx prefers to predict
transpositions over TDRLs as the more parsimonious alternative if both are possi-
ble explanations. Table 5.1 summarizes example cases from the literature where we
detected large overlaps. All these rearrangements are explained by duplication mech-
anism or TDRL in the literature. However three cases are not originally rearranged,
but errors in the RefSeq annotation lead to spurious rearrangements.
We consider Hydromantes brunus in some detail. In [122], the rearrangement in
H. brunus is claimed to be without duplication based on an analysis of nucleotide
skew to classify between rearrangement or partial genome duplication. The same
rearrangement has been claimed to be a TDRL in [123]. The alignment of the corre-
sponding breakpoints in Fig. 5-7 shows an average overlap of 74 nt which is a strong
evidence of duplication mechanism. Thus we support the TDRL model [123] with
regard to the molecular mechanism. Nevertheless our alignments show a diﬀerent in-
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Figure 5-9: Rearrangement of Hydromantes brunus. (A) Ancestral gene order, the
underlined genes are duplicated. (B) Duplication and deletion. (C) Current gene
order with genes remnants in gray boxes
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Figure 5-10: Diﬀerence in average overlap size between symmetric rearrangements in
the two directions in absolute value
ferred intermediate state, as shown in Fig. 5-9. In [123] the duplicated genes are: part
of nad2, trnW, trnA,trnN, O𝐿, trnC and trnY. We, however, suggest the duplication
of trnW, trnA,trnN, O𝐿, trnC, trnY and cox1. The absence of the remnant of nad2
and the presence of the cox1 remnant support our model.
Although none of the inversions shows large overlaps, there is no clear association
between the size of the overlap or gap with TDRL or transposition according to
the CREx classiﬁcation. In fact, at least a substantial part of the transpositions is
clearly the result of a rearrangement mechanism that generates sizable duplication of
mitogenomic sequence.
To our surprise overlaps are also found for older rearrangements, see the Fig. 5-
8(b). From the largest overlaps shown in Tab. 5.1 at least three pairs are on order level
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(J. floridae-X. eiseni, O. cyanomelas-C. sordidus, D. taenia-C. sloani). Thus, dele-
tion is not always immediately and duplication remnants can be detected sometimes
also for ancient rearrangements.
Fig. 5-8(c) summarizes the overlap sizes grouped into three classes. The ﬁrst
two correspond to breakpoints of symmetric rearrangements. Here we distinguish at
each breakpoint the choice of the reference 𝐹 yields the larger or the smaller average
overlap, respectively. 81% of the overlaps and 70% of the gaps fall into large and
small class, respectively. The third class are the asymmetric rearrangements, i.e.,
TDRLs, which allow only one choice of 𝐹 .
The diﬀerence in overlap size caused by the choice of the reference 𝐹 is shown in
Fig. 5-10 for the symmetric rearrangements. In 67% of the 49 cases the diﬀerence
is larger than 10 nucleotides (note that the one large diﬀerence for an inversion is
due to annotation errors). This relatively large diﬀerence is due to an overlap caused
by duplication in one genome, which turns to be a gap when this species is used as
a reference. The comparison of the alignments for both choices of 𝐹 thus makes it
possible to deduce the direction of the symmetric rearrangements, i.e., the ancestral
and the derived gene order. It also shows the importance of the choice of the cor-
rect reference sequence to allow to discriminate between rearrangements caused by a
duplication mechanism and those that result from other mechanisms such as inver-
sion and translocation. However, in phylogenetically old rearrangement events the
sequences of duplicated genes may be totally degenerated; in these cases, it becomes
diﬃcult to specify the mechanism behind the rearrangement or its direction.
5.5 Concluding Remarks
We have introduced a specialized three-way alignment model to study the breakpoint
regions of mitochondrial genome rearrangements in detail. We observed several un-
expected features. In particular, a substantial fraction of rearrangements involves
duplication of genomic DNA, many of which have not been recognized as TDRL-like
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events. This in particular pertains to many events that have been classiﬁed as trans-
positions. On the other hand, some apparent TDRL events do not produce overlaps.
While it is possible that in the case of ancient events the genomic sequences have di-
verged beyond the point where duplicated DNA is still recognizable, it is also possible
that some of the ostensible TDRLs in fact correspond to possibly multiple rearrange-
ments of other types. Clearly, further investigations into the individual cases will be
necessary to resolve this issue completely. The present study at the very least adds to
the evidence that multiple arrangement mechanisms are at work and indicates that
their classiﬁcation is by no means a trivial task.
Reports of mitogenomic rearrangement are usually not suﬃciently precise. In most
publications the (potential) molecular mechanisms are not analyzed at all. The term
translocation is often used to express only that genes have been moved rather than to
designate a speciﬁc type of permutation or a molecular mechanism. The term TDRL
is used more or less interchangeably for the resulting permutation and the molecular
mechanism generating it; the published analysis usually is limited to the permutation.
For the other rearrangement operations that are assumed in mitochondrial genomes,
i.e., inversions, transpositions, and inverse transpositions, the mechanisms still await
elucidation in most cases. In this paper we have presented a method that can help
to uncover the molecular mechanisms of genome rearrangement. In conjunction with
the available methods for genome rearrangement analysis [67] and the consideration
of tRNA remolding [36], which can mimic rearrangements, the analyses of breakpoint
sequences will signiﬁcantly improve our understanding of mitochondrial gene order
evolution.
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Chapter 6
Conclusion
In this work, two contributions to the study of mitochondrial DNA are presented.
These are the accurate annotation of protein-coding genes in mitochondria and the
sequence signature of genome rearrangements. The methods designed in both prob-
lems are implemented and tested on wide set of mitochondrial data even though there
are no constraints on applying the rearrangement methods on nuclear DNA since it is
meaningfully applied only to a sequence interval of moderate size around a genomic
breakpoint.
In the ﬁrst contribution we developed a fully automated pipeline for precise, au-
tomatic and fast annotation of protein-coding genes in mitochondria. The methods
creates taxon-speciﬁc hidden Markov models from a set of annotated sequences and
their phylogeny approximation. These models are improved by detecting and cor-
recting the frameshifts in the alignments based on which the models are built in
addition to removing the non ﬁtting sequences and columns from these alignments.
Moreover, the prediction of the start and stop of the genes is enhanced based on a
sophisticated method that takes into account several factors such as the exclusion of
adjacent annotated tRNAs, the estimated distance to the start or end of the gene ...
The methods were applied on RefSeq data and the analysis of the results showed a
high accuracy compared the given annotations. Moreover, a number of errors in the
training data extracted from RefSeq were found. Additionally new frameshifts that
are not mentioned in the literature were identiﬁed in metazoan mtDNA.
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The main drawback of the annotation method is the dependency on phylogenetic
tree which could lessen the sensitivity of the models in case of misclassiﬁcation of
the training sequences. Furthermore, the bias in the quantity of sequences for dif-
ferent taxonomic groups leads to higher accuracy for species belonging to the most
standard mtDNAs i.e species such as vertebrates or insects. However, this biased is
solved by the use of more speciﬁc HMMs. Likewise the same solution could be used
for annotating i) fast evolving taxa such as Chelicerata and Tunicata, ii) and most
variable genes such as atp8, nad6 and nad4l. In the second problem, a new algo-
rithm to align the breakpoint region of a rearrangement is developed. The algorithm
uses the dynamic programming approach to align the sequences of two consecutive
genes in a reference genome to a left and right genes which are not consecutive in
the query genome (breakpoint). A partially local three-way model is applied to study
the breakpoint region. The application at the level of mtDNA proves that multiple
rearrangement mechanisms are at work and indicates that their classiﬁcation is by no
means a trivial task. The analysis showed an unexpected fraction of rearrangements
that involves duplication of parts of the DNA. Of these rearrangements many cases
are mislabeled as transpositions events instead of TDRL-like events which involve
duplication of the DNA parts. Thus this study covers the deﬁciency of information
about the molecular mechanisms behind the genome rearrangement events since in
most publications the (potential) molecular mechanisms are not analyzed at all.
Future Work As we have already mentioned above, the annotation quality of fast
evolving species and variable genes is relatively less accurate (higher number of false
negatives) comparing to other species and other genes. The problematic cases can be
solved by scanning only the missed genes against more speciﬁc models. Nevertheless,
the more speciﬁc models are not used in general because of the higher run time this
problem will be considered in the future work.
On the other hand, the partially local alignment problem introduced in this s-
tudy poses theoretical questions, which we hope to answer in forthcoming research.
Most obviously, it suggests to consider multiple alignments in which, for each in-
82
put sequence and both of its ends, either a local or global alignment is requested.
Given such a problem speciﬁcation, how can one construct a corresponding dynamic
programming algorithm, possibly with the additional constraint that the dynamic
programming scheme also supports a probabilistic version. Beyond this question one
may of course also ask whether there are interesting generalization of overlap align-
ments and combinations of local, global, and overlap alignments. Furthermore, the
alignment method introduced here is not limited to mitochondrial genomes. Since it
is meaningfully applied only to a sequence interval of moderate size around a genomic
breakpoint, it could also be applied to study the evolution of nuclear genomes and to
investigate chromosomal rearrangements in a cancer research context.
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Appendix A
Protein Genes Annotaion
A.1 Overview on Results
tp = true positive, pseudo = pseudogene, cds = coding sequence (in genbank)
Table A.1: Details about over predicted genes
accession gene Evalue copy start stop notes
NC-024152 cox1 4.60E-277 no 6566 8096 tp no cds
NC-023382 nad5 7.00E-172 yes 13652 15155 pseudogene="unprocessed"
NC-025504 cox1 2.90E-152 no 2902 2039 pseudo tp
NC-024152 nad4 1.30E-146 no 11436 12513 tp no cds
NC-024605 nad1 3.90E-132 no 12559 11654 tp no cds
NC-024152 cox3 3.20E-124 no 9853 10612 tp no cds
NC-024152 nad1 1.10E-115 no 4103 4910 tp no cds
NC-023381 nad2 1.60E-109 no 11320 12331 not in RefSeq nothing in these coords
NC-024751 nad2 9.20E-99 no 14318 15287 tp no cds
NC-024260 atp6 1.70E-56 no 9451 8849 tp no cds
NC-024152 nad2 1.70E-53 no 5597 6137 tp no cds
NC-024152 nad2 1.10E-52 no 5154 5598 tp no cds
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accession gene Evalue copy start stop notes
NC-025505 atp6 3.50E-50 no 1541 2159 pseudo .. Tp
NC-025638 nad6 2.00E-45 no 14326 13832 not in RefSeq (nothing in these coords)
NC-024045 nad2 4.50E-44 yes 4601 5045 not in RefSeq (nothing in these coords)
NC-024045 nad1 4.60E-44 yes 3480 3798 not in RefSeq (nothing in these coords)
NC-024152 cob 5.70E-42 no 15265 15628 tp no cds
NC-025509 cox2 8.70E-39 yes 7524 7980 not in RefSeq (nothing in these coords)
NC-025505 cox3 3.00E-38 no 2731 2444 pseudo tp
NC-024152 nad6 2.00E-35 no 16622 16131 tp no cds
NC-023381 nad2 3.10E-35 no 8137 8878 tp pseudo
NC-024152 cob 6.70E-34 no 15557 15947 tp no cds
NC-025509 nad4 1.90E-32 yes 4322 4793 not in RefSeq (nothing in these coords)
NC-024152 cob 1.30E-31 no 15084 15282 tp no cds
NC-025504 cox1 4.50E-28 no 5256 5496 pseud tp
NC-024927 cox2 3.00E-26 yes 7662 7890 not in RefSeq nothing in theses coords
NC-024152 nad4 3.80E-26 no 12508 12763 tp no cds
NC-024152 nad4l 2.70E-25 no 11131 11404
NC-024152 cob 8.30E-25 no 14828 14990
NC-025504 cob 3.20E-21 no 10438 10286 pseudo tp
NC-025633 cox1 1.70E-20 yes 18846 19050 not in RefSeq (nothing in these coords)
NC-025504 cob 1.10E-19 no 8322 8149 pseudo tp
NC-025509 nad5 4.20E-19 yes 2633 3248 not in RefSeq (nothing in these coords)
NC-025504 cox2 1.90E-18 no 3092 3224 pseudo tp
NC-025503 cox1 6.20E-18 yes 11502 11392 tp pseudo
NC-025504 nad5 8.50E-18 no 5507 5633 pseudo tp
NC-024941 nad6 2.40E-17 yes 17174 16734 not in RefSeq (control region)
NC-024152 nad1 8.00E-17 no 4000 4111 tp no cds
NC-025908 atp8 8.70E-16 no 7941 8106 tp no cds
NC-024416 nad4 3.60E-15 yes 8405 8238 not in RefSeq (nothing in these coords)
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accession gene Evalue copy start stop notes
NC-024927 nad4l 4.60E-15 no 23509 23749 in RefSeq tp
NC-025755 cob 1.30E-14 yes 6853 6970 not in RefSeq (nothing in these coords)
NC-025503 cox2 2.60E-14 yes 10766 10889 tp pseudo
NC-024275 nad3 8.70E-14 no 7299 7605 in RefSeq tp
NC-025505 cob 1.50E-13 no 4039 4129 pseudo tp
NC-024202 nad3 2.90E-13 yes 6531 6681 not in RefSeq (nothing in these coords)
NC-025509 cob 1.60E-11 yes 12695 12845 not in RefSeq (nothing in these coords)
NC-025757 atp8 4.90E-10 no 6454 6613 not in RefSeq
NC-023345 cox3 1.80E-09 yes 6068 6170 not in RefSeq (nothing in these coords)
NC-025509 cob 5.10E-09 yes 42799 42623 not in RefSeq (nothing in these coords)
NC-025504 nad4 8.70E-09 no 8779 8911 pseudo tp
NC-025766 atp8 7.30E-08 no 5873 6035 not in RefSeq
NC-024193 nad4 7.90E-08 yes 11936 12083 not in RefSeq (nothing in these coords)
NC-025925 cob 9.70E-07 yes 16939 17056 tp duplication of 3¢ob
NC-025921 cob 1.30E-06 yes 16756 16882 tp duplication of 3¢ob
NC-025922 cob 3.70E-06 yes 16711 16897 tp duplication of 3¢ob
NC-025504 atp6 8.20E-06 no 7277 7134 pseudo tp
NC-024185 atp6 8.90E-06 yes 8809 8899 not in RefSeq (nothing in these coords)
NC-025628 atp8 0.00016 yes 952 1135 control region
NC-025504 nad2 0.00034 no 4094 4196 pseudo fn
NC-023940 atp6 0.00038 yes 725 905 Dloop
NC-025472 cox1 0.0005 yes 8326 8419 Dloop
NC-025612 atp8 0.00059 yes 938 1028 control region
NC-025504 cox3 0.00067 no 9265 9382 pseudo fn
NC-025509 nad4 0.00068 yes 13252 13519 not in RefSeq (nothing in these coords)
NC-024601 cob 0.00083 yes 2565 2676 l-rrna
NC-024048 atp8 0.00093 yes 16504 16585 control region
NC-023975 atp8 0.0019 yes 16315 16142 control region
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accession gene Evalue copy start stop notes
NC-023460 nad6 0.0027 yes 13213 13130 not in RefSeq (nothing in these coords)
NC-024927 nad4l 0.003 no 12997 13087 not in RefSeq (nothing in these coords)
NC-024927 cox2 0.0032 yes 28489 28648 not in RefSeq (nothing in these coords)
NC-025786 atp8 0.0033 yes 16622 16751 control region
NC-025601 atp8 0.0035 yes 949 1027 control region
NC-024524 atp8 0.0037 yes 16509 16692 control region
NC-025602 atp8 0.004 yes 959 1034 control region
NC-025751 nad5 0.0043 yes 2815 2678 repeat region
NC-024927 atp8 0.0051 no 14655 14715 not in RefSeq (nothing in these coords)
A.2 Taxonomy of New Frameshifts
Table A.2: Taxonomy of new detected frameshifts
accession gene taxa
NC-022685 cox3 Pieridae
NC-013275 atp6 Lucinoidea
NC-014485 atp6 Mutillidae
NC-016723 nad3 Anseriformes
NC-001947 nad3 Pleurodira
NC-014401 nad3 Geoemydidae
NC-013251 nad3 Raphidioptera
NC-009509 nad3 Geoemydidae
NC-007440 nad3 Dicroglossidae
NC-007896 nad4l Incirrata
NC-011823 nad4 Gryllidae
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accession gene taxa
NC-021747 nad4 Helicoidea
NC-022957 nad4 Accipitridae
NC-013474 nad4 Ascoidea
NC-013604 nad5 Heliconiinae
NC-011823 nad6 Gryllidae
NC-005803 nad6 Elopiformes
NC-001573 nad6 Xenopodinae
NC-009458 cob Lithobiomorpha
NC-019576 cob Fulgoroidea
NC-017839 cob Chelonioidea
NC-019645 cob Synodontidae
NC-013879 nad1 Antennarioidei
NC-007884 nad1 Ischnocera
NC-021607 nad1 Sisoridae
NC-021413 nad1 Crambidae
NC-017839 nad1 Chelonioidea
NC-007781 nad2 Buccinoidea
NC-016865 nad2 Opomyzoidea
NC-007229 atp8 Cobitidae
NC-006133 cox1 Perloidea
NC-016696 cox1 Conocephalinae
NC-005781 cox1 Drosophilidae
NC-022938 cox1 Parastacoidea
NC-005780 cox1 Drosophilidae
88
Appendix B
Semi Global Alignments of
Breakpoints Regions
B.1 Pairs Used in the Study
Table B.1: Pairs used in the study
accession1 species1 accession2 species2
NC-005298 Saccopharynx lavenbergi NC-005298 Saccopharynx lavenbergi
NC-008124 Bregmaceros nectabanus NC-008124 Bregmaceros nectabanus
NC-023250 Solenaia carinatus NC-023250 Solenaia carinatus
NC-005929 Cucumaria miniata NC-005929 Cucumaria miniata
NC-008225 Ventrifossa garmani NC-008225 Ventrifossa garmani
NC-013257 Ditaxis biseriata NC-013257 Ditaxis biseriata
NC-009851 Luvarus imperialis NC-009851 Luvarus imperialis
NC-013571 Eothenomys chinensis NC-013571 Eothenomys chinensis
NC-022477 Kurtus gulliveri NC-022477 Kurtus gulliveri
NC-011009 Normichthys operosus NC-011009 Normichthys operosus
NC-015305 Odorrana ishikawae NC-015305 Odorrana ishikawae
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accession1 species1 accession2 species2
NC-023228 Paraplagusia blochii NC-023228 Paraplagusia blochii
NC-007012 Scleropages formosus NC-007012 Scleropages formosus
NC-008778 Varanus niloticus NC-008778 Varanus niloticus
NC-005796 Pterothrissus gissu NC-005796 Pterothrissus gissu
NC-006355 Chlorurus sordidus NC-006355 Chlorurus sordidus
NC-007689 Neogymnocrinus richeri NC-007689 Neogymnocrinus richeri
NC-003163 Myctophum aﬃne NC-003163 Myctophum aﬃne
NC-012762 Otolemur crassicaudatus NC-012762 Otolemur crassicaudatus
NC-006321 Clymenella torquata NC-006321 Clymenella torquata
NC-010777 Hypochilus thorelli NC-010777 Hypochilus thorelli
NC-006335 Plethodon elongatus NC-006335 Plethodon elongatus
NC-011381 Xenotoca eiseni NC-011381 Xenotoca eiseni
NC-006345 Hydromantes brunus NC-006345 Hydromantes brunus
NC-007440 Limnonectes fujianensis NC-007440 Limnonectes fujianensis
NC-010199 Odontobutis platycephala NC-010199 Odontobutis platycephala
NC-010199 Odontobutis platycephala NC-010199 Odontobutis platycephala
NC-023228 Paraplagusia blochii NC-023228 Paraplagusia blochii
NC-006340 Batrachoseps attenuatus NC-006340 Batrachoseps attenuatus
NC-012762 Otolemur crassicaudatus NC-012762 Otolemur crassicaudatus
NC-012688 Cephus cinctus NC-012688 Cephus cinctus
NC-006355 Chlorurus sordidus NC-006355 Chlorurus sordidus
NC-008975 Buergeria buergeri NC-008975 Buergeria buergeri
NC-008797 Conus textile NC-008797 Conus textile
NC-007781 Ilyanassa obsoleta NC-007781 Ilyanassa obsoleta
NC-006340 Batrachoseps attenuatus NC-006340 Batrachoseps attenuatus
NC-006335 Plethodon elongatus NC-006335 Plethodon elongatus
NC-008975 Buergeria buergeri NC-008975 Buergeria buergeri
NC-009061 Olisthops cyanomelas NC-009061 Olisthops cyanomelas
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accession1 species1 accession2 species2
NC-005796 Pterothrissus gissu NC-005796 Pterothrissus gissu
NC-005961 Rena humilis NC-005961 Rena humilis
NC-003159 Chauliodus sloani NC-003159 Chauliodus sloani
NC-008448 Galaxiella nigrostriata NC-008448 Galaxiella nigrostriata
NC-009851 Luvarus imperialis NC-009851 Luvarus imperialis
NC-007978 Synthliboramphus antiquus NC-007978 Synthliboramphus antiquus
NC-022670 Brachyrhynchus hsiaoi NC-022670 Brachyrhynchus hsiaoi
NC-004448 Alligator sinensis NC-004448 Alligator sinensis
NC-006355 Chlorurus sordidus NC-006355 Chlorurus sordidus
NC-011381 Xenotoca eiseni NC-011381 Xenotoca eiseni
NC-023228 Paraplagusia blochii NC-023228 Paraplagusia blochii
NC-010199 Odontobutis platycephala NC-010199 Odontobutis platycephala
NC-014174 Brookesia decaryi NC-014174 Brookesia decaryi
NC-015305 Odorrana ishikawae NC-015305 Odorrana ishikawae
NC-008683 Chanodichthys mongolicus NC-008683 Chanodichthys mongolicus
NC-008831 Tigriopus californicus NC-008831 Tigriopus californicus
NC-004373 Carapus bermudensis NC-004373 Carapus bermudensis
NC-015076 Jenkinsia sp. CL54 NC-015076 Jenkinsia sp. CL54
NC-009585 Ilisha elongata NC-009585 Ilisha elongata
NC-012762 Otolemur crassicaudatus NC-012762 Otolemur crassicaudatus
NC-008123 Sirembo imberbis NC-008123 Sirembo imberbis
NC-012434 Myosotella myosotis NC-012434 Myosotella myosotis
NC-010268 Aulorhynchus ﬂavidus NC-010268 Aulorhynchus ﬂavidus
NC-006286 Bipes tridactylus NC-006286 Bipes tridactylus
NC-011381 Xenotoca eiseni NC-011381 Xenotoca eiseni
NC-006286 Bipes tridactylus NC-006286 Bipes tridactylus
NC-008683 Chanodichthys mongolicus NC-008683 Chanodichthys mongolicus
NC-009851 Luvarus imperialis NC-009851 Luvarus imperialis
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accession1 species1 accession2 species2
NC-012689 Orussus occidentalis NC-012689 Orussus occidentalis
NC-009683 Calotes versicolor NC-009683 Calotes versicolor
NC-012571 Panonychus ulmi NC-012571 Panonychus ulmi
NC-023228 Paraplagusia blochii NC-023228 Paraplagusia blochii
NC-023222 Hemibagrus spilopterus NC-023222 Hemibagrus spilopterus
NC-012463 Saldula arsenjevi NC-012463 Saldula arsenjevi
NC-014703 Cervus canadensis songaricus NC-014703 Cervus canadensis songaricus
NC-013571 Eothenomys chinensis NC-013571 Eothenomys chinensis
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